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This dissertation comprises three essays that explore how human and social capital in-

fluence innovation and promote firm dynamism, particularly for small businesses. It studies

how firms’ uptake of projects is shaped by the local environments, such as superstar firms,

talent clusters, and local social capital.

In the first essay, I study the labor channel underlying the agglomeration of innovation

activity. It identifies the reallocation of human capital as a key channel of agglomeration

spillovers for innovative firms. To measure agglomeration spillovers, I study how R&D labs

in different local labor markets respond differently to scientific breakthroughs, which create

large and unexpected shocks to innovation productivity in certain technology categories. I

document four main findings. i), following scientific breakthroughs, affected labs in thicker

local labor markets (i.e., commuting zones with more inventors innovating in a certain field)

produce more patents and higher-quality patents, consistent with positive agglomeration

spillovers. ii), the increase in patenting is mostly attributed to new hires rather than incum-



bent inventors. iii), the thick labor market effect is concentrated in states and industries

where there is lower enforceability of non-compete agreements and labor is more mobile. iv),

using textual analysis to identify lab-level exposure to scientific breakthroughs, I find that

inventors are reallocated to labs that are more favorably affected by shocks, which helps labs

in thicker labor markets to more easily bring in inventors working in the same niche fields and

having a diverse knowledge base. Taken together, these results point to labor mobility as a

key force in explaining why innovative firms cluster, and suggest that the clustering of firms

in thick labor markets can foster corporate innovation by facilitating productivity-enhancing

reallocation of human capital following scientific breakthroughs.

In the second essay, I identify the entry effects of top innovative firms on incumbent

innovation. I exploit the inter-temporal variation in patenting activities of local inventors in

chosen commuting zones that attracted the firm headquarters and in runner-up commuting

zones that were finalists of location choice. Treated and control groups have similar trends

prior to the entry, while the local inventors in the chosen zones apply 6.7% more patents, gain

16.8% more top patents, and receive 11.6% more citations. Entry effects are stronger among

local inventors who are technologically or socially closer to the entering firm, after controlling

for innovation incentives and labor mobility. Social closeness, isolated from technological

proximity, consistently explains the innovation gains, which suggests knowledge diffusion is

the important channel for local innovation productivity spillovers.

In the third essay, we investigate why small businesses exploit business opportunities

better in some areas than others. In a sample of 1.2 million consumer-facing establishments,

social capital predicts the uptake of risk-free loans controlling for close-by bank branches,

income, and education. One standard deviation increase in the social capital metric accounts

for 20 percent of the variation in uptake across zip codes, surpassing the impact of a bank

branch within 1000 yards. Strong social capital benefits large, low-growth stores in less-

dynamic areas, whereas bank branches benefit small, high-growth stores in more-dynamic

areas. Virtual connections have the greatest effect on uptake in already advantaged locations.
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Chapter 1: Human Capital Reallocation and Agglomer-

ation of Innovation: Evidence from Technological Break-

throughs 1

Jing Xue

Abstract
This paper identifies the reallocation of human capital as a key channel of agglomera-

tion spillovers for innovative firms. To measure agglomeration spillovers, I study how R&D

labs in different local labor markets respond differently to scientific breakthroughs, which

create large and unexpected shocks to innovation productivity in certain technology cat-

egories. Taking advantage of U.S. Census longitudinal establishment data matched with

patent records, I systematically locate R&D labs in all local labor markets for each firm.

I document four main findings. First, following scientific breakthroughs, affected labs in

thicker local labor markets (i.e., commuting zones with more inventors innovating in a cer-

tain field) produce more patents and higher-quality patents, consistent with positive agglom-

eration spillovers. Second, the increase in patenting is mostly attributed to new hires rather

than incumbent inventors. Third, the thick labor market effect is concentrated in states

and industries where there is lower enforceability of non-compete agreements and labor is

more mobile. Finally, using textual analysis to identify lab-level exposure to scientific break-

throughs, I find that inventors are reallocated to labs that are more favorably affected by

shocks, which helps labs in thicker labor markets to more easily bring in inventors work-

ing in the same niche fields and having a diverse knowledge base. Taken together, these

results point to labor mobility as a key force in explaining why innovative firms cluster,

and suggest that the clustering of firms in thick labor markets can foster corporate innova-

tion by facilitating productivity-enhancing reallocation of human capital following scientific

breakthroughs.

1DISCLAIMER: Any views expressed are those of the author and not those of the U.S. Census Bureau.
The Census Bureau’s Disclosure Review Board and Disclosure Avoidance O�cers have reviewed this infor-
mation product for unauthorized disclosure of con�dential information and have approved the disclosure
avoidance practices applied to this release. This research was performed at a Federal Statistical Research
Data Center under FSRDC Project Number 2117. (CBDRB-FY23-P2117-R10229)



1 Introduction

Innovative activity is highly clustered in space. 5% of commuting zones2 account for over

75% of patent-weighted inventors in the US. Given the important role that human capital

plays in producing innovation, existing literature explores channels through which a high

concentration of skilled workers could explain the superior performance of a handful of tech-

nology hubs. Dating back to Marshall’s The Principles of Economics, there are two dominant

theories. One is that the agglomeration of specialized human capital may generate localized

knowledge spillovers based on “ideas in the air.” Physical proximity reduces communica-

tion costs, under this view, and facilitates the transmission of knowledge.3 The second is

that agglomeration facilitates the allocation of human capital in local labor markets. Thick

labor markets (i.e., local markets with a large number of inventors innovating in a certain

field) can improve the propensity and quality of matching between firms and workers when

heterogeneity exists, and can facilitate the mobility of workers to firms when productivity

shocks create an unexpected demand for specific skills.4

Compared with a large literature on knowledge spillovers, empirical work investigating

the link between innovation clusters and the allocation of human capital in the local labor

market is more limited. One potential reason is the challenge of locating the actual places

where firms’ innovative activities are conducted, which is especially difficult for private and

multi-unit firms due to a general lack of large-scale data. More importantly, empirically

distinguishing the source of advantages from locating in talent clusters is difficult.

In an attempt to fill the gap, I focus on the labor channel underlying the agglomeration of

innovation activity. To measure agglomeration spillovers, I study how R&D labs in different

local labor markets (“LLMs” hereinafter) respond differently to scientific breakthroughs that

create large and unexpected shocks to innovation productivity in a technology category. I

investigate two related questions: (i) Do R&D labs in thick LLMs disproportionately benefit

from breakthroughs? (ii) What is the main mechanism that explains the thick market effects?

Using large-scale Census plant-level data, I provide empirical evidence in support of thick

market effects. In response to one unit of breakthroughs, a R&D lab’s response in patent

2Approximating local labor markets(Autor and Dorn (2013)), commuting zones (CZs) are geographic units
of analysis intended to re
ect the local economy where people live and work more closely. A commuting
zone is a geographic area encompassing urban and rural areas that share a common market.

3Marshall (1890) described cities as \having ideas in the air". Theoretical framework has established
that direct interactions among workers form the basis for accumulation and di�usion of knowledge, including
Glaeser (1999), von Hippel (1994) among others. Recent evidence on knowledge spillovers through social
interactions includes Zacchia (2019), Roche et al. (2022) and Atkin et al. (2022)

4The ideas are formalized in theoretical work by Helsley and Strange (1990), Krugman (1991a,c), Strange,
Hejazi, and Tang (2006), Almazan, De Motta, and Titman (2007), Overman and Puga (2010), among others.

2



Figure 1: Geographic Distribution of Patent-Weighted Inventors. The �gure presents the spatial
distribution of inventors weighted by shares of patents �led by US companies from 1981 to 2010. The size of
the pink circles represents the shares of patent-weighted inventors by commuting zones. I assess innovation
hot spots in accordance with inventors’ addresses listed on patents. When multiple inventors are associated
with one application, each inventor’s commuting zone receives a share of the patent. By comparison, the
average manufacturing employment shares by commuting zones are plotted with blue circles. Compared
with 12% of commuting zones contributing to 75% of manufacturing employment, 5% of commuting zones
accounting for over 75% of patent-weighted inventors suggests that economic forces linked to agglomeration
of innovation appear even more localized.

quantity and quality increases by 25.88% and 45.74% if the associated LLM is thicker than an

average LLM by one-standard-deviation. To investigate the role played by labor mobility, I

examine whether the productivity gains are more pronounced among new hires or incumbents

and whether the gains are concentrated in states and industries in which labor is more mobile

because there is lower enforceability of non-compete agreements. I find that a R&D lab in a

top 5% thick market could have almost doubled its boost in patent productivity without NCs

following a boom of breakthroughs. I also use textual analysis to measure labs with higher

and lower marginal productivity, using differences in lab-level exposure to breakthroughs. My

results consistently support the explanation that thick labor markets encourage innovation

by facilitating the productivity-enhancing reallocation of human capital.

Testing the effect of local labor markets on innovation outcomes and inventor mobility

requires locating patenting firms’ research labs and matching them with their local inventor

employees. I accomplish this by exploiting detailed and comprehensive establishment-level

data from the Longitudinal Business Database (LBD) of the Census Bureau and the firm-

assignee-inventor-matched patent data. Research labs (“R&D labs” hereinafter) are defined

3



as plants that are located in the same commuting zones (“CZs” hereinafter) as inventors

employed by the firm. The large scope of the data, which spans business establishments in

all industries across all states, allows me to systematically locate R&D labs of all innovative

firms in local labor markets and to track innovation activities at the lab level across time. I

define a local labor market as CZ � ResearchF ield. Thickness is measured as the natural

logarithm of the number of inventors in a research field residing in the same commuting zone.

To measure exogenous technological breakthroughs, I use patents generated by universi-

ties, federal or state government labs, and other public research institutes. It is important

for my empirical strategy that the measurement of breakthroughs in the public sector is

separated from the measurement of patenting activities by innovative firms in the private

sector, which limits the scope for mechanical relations between breakthroughs and future

patenting in my analysis. These scientific breakthroughs create large and unexpected pro-

ductivity shocks to corporate R&D labs. Following the methodology of Kelly, Papanikolaou,

Seru, and Taddy (2021), I apply textual analysis to the high-dimensional technical content in

patent descriptions to measure the novelty and impact of inventions and to identify scientific

breakthroughs as those that significantly depart from prior technology, opening new paths

for subsequent innovation.

Through the lens of patent files, I study the direction and composition of the technolog-

ical projects taken by corporate R&D labs following the shocks and investigate how their

subsequent innovation productivity differs depending on local labor market conditions in the

research field. Furthermore, I include local labor market by year fixed effects and industry

fixed effects in my main regressions, as well as a broad set of control variables. Essentially,

my empirical strategy is to exploit the cross-sectional variation across comparable R&D labs

in the same LLM that experienced different technological shocks in the same time window.

Comparing such R&D labs helps to minimize selection concerns, as these labs are likely to

be very similar, given that they share a common research field and choose to locate in the

same location. Also, if there exists any complementarity between the research field and the

location that makes the local market particularly attractive for talent in the field, they are

identically affected.

In the first part of the empirical analysis, I estimate the effects of scientific breakthroughs

and local labor market thickness on the quantity and quality of subsequent patents produced

by corporate R&D labs. I consider two measures of patent quality: the number of forward

citations received by a patent, and the importance. I use textual analysis to measure impact

and novelty of each patent and measure importance as the product of impact and novelty.

I first provide evidence to validate my measure of productivity “shocks” by showing that

breakthroughs promote patenting productivity of R&D labs. Then I study labor market
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effects by investigating the extent to which labs’ responses to technological shocks depend

on their predetermined local labor market thickness. I find that R&D labs in thick local

labor markets produce more and better inventions following scientific breakthroughs. In

response to each unit increase in breakthrough intensity, a lab affected by a breakthrough

will, on average generate 3.13% more patents, 2.26% more citations and 2.58% higher patent

counts weighted by importance than a similar lab without shocks. A one-standard-deviation

increase (1.744%) in labor market thickness leads to an increase of 0.81%, 0.61% and 1.18%

in the quantity, citations and importance of patents, which suggests the boosting effects

increase by 25.88%, 27% and 45.74% if the associated LLM is one-standard-deviation above

the sample mean in terms of thickness. Next, I study labs’ responses in their core and

non-core technology areas separately and consider exploratory and exploitative inventions.

My results show that labs in thick markets experience boosts in productivity through core

technologies. Moreover, their inventions tend to be more exploratory and less exploitative.

Finally, because not all innovations are patentable, I examine the effects of labor market

thickness on the natural logarithm of annual wages per employee to capture changes in

investment in human capital. I show that R&D labs that experience a higher volume of

breakthroughs grow to be more human-capital intensive, especially in labs located in thick

labor markets.

In the second part of the empirical analysis, I investigate the potential explanations for

how R&D labs in thick labor markets disproportionately benefit from breakthroughs. Since

the mechanism of human capital allocation relies on labor mobility, while network-based

spillovers of knowledge do not, I begin by investigating the contribution made by incumbent

and newly-hired inventors to the increases in productivity following breakthroughs. I find

that the productivity gains are primarily attributed to new hires. Given one unit of break-

throughs, a one-standard-deviation increase (1.744%) in market thickness leads to a 1.21

(1.09)% increase in the number of patents (citations) produced by newly hired inventors,

but only results in a 0.37 (0)% increase in the number of patents (citations) produced by in-

cumbent inventors. The results suggest that, if the associated LLM is one-standard-deviation

above the sample mean in terms of thickness, the boosting effects on patents (citations) sig-

nificantly increase by 56.81 (60.1)% for new hires, while only significantly increase by 22.02

(0)% for incumbents. The small estimated thick market effects among incumbent inventors

casts doubt on the “knowledge in the air” channel.

To pin down the role of labor mobility in fostering innovation in thick markets, I lever-

age state-by-industry variation in the use of non-compete agreements (“non-competes” or

“NCs” hereinafter), which impose constraints on inventors switching jobs between competing
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firms.5 Using strict enforcement of NCs as a plausibly exogenous constraint on labor market

mobility following technological shocks, I re-examine the thick market effects on innovative

productivity. I find that when non-competes are rigorously enforced, there are substantial

declines in the thick market effect on patent quantity and quality, sweeping away almost all

of the thick-market benefits. Following a breakthrough with median intensity, an average

labor market (in terms of thickness) without NCs can promote local labs’ innovation as well

as a top 5% thick market with NCs. R&D labs in a top 5% thick market could have enjoyed

a 60% larger boost in patent productivity without NCs. The NC-related reduction in patent-

ing outputs is more considerable among new hires. Moreover, the NC-related reduction in

inventor turnover is especially large among recent movers after breakthroughs. These results

support the theory that thick labor markets promote innovation after technological shocks

through labor mobility.

Next, to further demonstrate the link between human capital allocation and productivity

gains, I explore the variation in labs’ exposure to scientific breakthroughs to study the

direction of labor reallocation. The idea is analogous to the efficient allocation of physical

assets found in the market for corporate assets (Maksimovic and Phillips (2001, 2002)).

Consistent with profit maximization by firms in a neoclassical framework, Maksimovic and

Phillips (2001, 2002) find that the market facilitates the reallocation of assets from less

productive to more productive users. In addition, transactions are more frequent when

the industry experiences positive demand shocks and productivity increases following the

transactions.

Applying textual analysis to the high-dimensional technical descriptions in patent files,

I measure labs’ exposure to a scientific breakthrough by evaluating the extent to which

the discovery is relevant to the lab. Labs with high exposure tend to have the necessary

knowledge and technological background to understand scientific advances and thus have

an advantage in seizing technological opportunities. I find that following breakthroughs,

exposure is positively related to inventor onboarding and negatively related to inventor

offboarding, the effects of which are further amplified in thick labor markets. This is similar

5Prior studies have found a negative relationship between noncompetes and labor mobility(Marx, Strum-
sky, and Fleming (2009), Fallick et al. (2006), Starr (2019), Je�ers (2019) and Johnson et al. (2020)),
especially for skilled labor. Using a natural experiment, Marx, Strumsky, and Fleming (2009) �nds causal
evidence of a decreased mobility of inventors after the noncompetes became enforceable in Michigan. In a
more general setting, Je�ers (2019) shows that stronger enforceability of non-competes leads to a substantial
decline in employee mobility, especially in knowledge-intensive occupations, which are particularly relevant
in the context of inventors. Similarly, Johnson et al. (2020) �nds more signi�cant e�ects among workers most
likely to sign NCs. Starr et al. (2019) �nd workers, including those unconstrained by noncompetes, receive
relatively fewer job o�ers and have reduced mobility in state-industry combinations with a higher incidence
and enforceability of noncompetes. NCs can also make it more di�cult for small �rms to hire experienced
workers(Kang and Fleming (2020)).
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to the redeployment patterns of physical capital in response to shocks in Maksimovic and

Phillips (2001, 2002), under the assumption that exposure provides a credible measure of

marginal productivity. I also confirm that the ex-ante potential is realized ex-post, and the

realization of productivity gains is strongly associated with labor market thickness. Thus, my

findings suggest that thick local labor markets promote the productivity-enhancing allocation

of human capital.

Finally, I analyze the characteristics of new inventors and show that human capital is

deployed to more productive uses. I find evidence of a better match between new hires and

firms in thicker labor markets in the sense that inventors work in the same tech niche as

the lab. I also find that new hires provide a broader knowledge set in the sense that their

previous inventions have less overlap with labs’ prior patents, measured by textual similarity.

The results stand up to a range of robustness analyses. I use specifications with various

fixed effects on the interaction between lab characteristics and LLM to compare labs in

narrower groups in which potential selection issues are minimized. Results are robust when

considering geographically-distant breakthroughs. Effects are even stronger when focusing on

first-wave breakthroughs and a potentially “cleaner” thickness measure based on historical

labor market conditions unaffected by any breakthrough shocks. Finally, using lab fixed

effects to allow for different lab-specific baselines, I provide within-lab analysis of the thick

market effects and show consistent results. I also find that thick labor markets help labs to

streamline the inventor team in technological downturns and to acquire human capital when

the demand for talent increases after breakthroughs create new innovation opportunities.

1.1 Literature Review

This paper contributes to several strands of literature. First, I build on the extensive litera-

ture on agglomeration, particularly on the clustering of innovation activities.6 My analysis

adds to the empirical work that seeks to understand the underlying forces that account for

the agglomeration spillovers among innovative firms. I complement this line of research by

providing evidence for a specific mechanism through which local agglomeration of human

capital explains the superior performance of innovative firms in clusters. And I distinguish

between two major channels, market-based allocation of human capital and network-based

spillovers of “knowledge in the air.” Using US Census micro-level data on establishments

6Recent work includes but is limited to Moretti (2021), Kerr and Robert-Nicoud (2020), Lerner and
Nanda (2020), Gross and Sampat (2020), Buzard, Carlino, Hunt, Carr, and Smith (2017), Golman and
Klepper (2016), Kerr and Kominers (2015), Agrawal, Cockburn, Galasso, and Oettl (2014), Belenzon and
Schankerman (2013), and Chen, Gompers, Kovner, and Lerner (2010).Carlino and Kerr (2015) provide a
review of research on the connections between agglomeration and innovation. Previous reviews include
Combes and Gobillon (2015), Rosenthal and Strange (2004) and Duranton and Puga (2003).
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matched with patent records that allows me to systematically locate R&D labs in local labor

markets, I examine thick labor market effects in a broad context. My analysis extends the

studies on labor mobility in specific industries and regions (Fallick, Fleischman, and Rebitzer

(2006), Freedman (2008), among others) to firms in all industries across all states. In addi-

tion, the paper speaks to the growing literature on local knowledge spillovers. For example,

Matray (2021) shows that local innovation spillovers could be explained by localized learn-

ing and employees moving across local firms. Providing supporting evidence for the second

explanation, my paper emphasizes that the mobility of inventors could not only facilitate

spillovers to incumbents through learning from “knowledge embedded in the people,” but

also directly enhance productivity, providing the main channel through which firms realize

the benefits from technological breakthroughs.

Second, this paper contributes to the literature on the reallocation of human capital. The

factors affecting the reallocation of human capital have been studied for bank credit (Bai

et al. (2018)), hedge fund activism (Brav et al. (2018)), going pubic (Babina et al. (2020),

Bernstein (2015)), lending relationships (Hombert and Matray (2016), patent protection

(Melero et al. (2020)), corporate R&D (Babina and Howell (2018)) and conglomerate form

(Seru (2014). I add to this literature by looking into the productivity dispersion arising

from exposure to breakthroughs and its interplay with local labor markets. Focusing on the

role of the external market, my paper also sheds light on the conditions under which labor

markets help to redeploy labor better in response to changing opportunities, complementing

the reallocation that can occur within internal labor markets (Tate and Yang (2015, 2016),

Giroud and Mueller (2015)).

The analysis of the reallocation of human capital in this paper also complements the

literature on physical capital allocation. Jovanovic and Rousseau (2002) use Q theory to ex-

plain that firms with high productivity buy firms with low productivity. They study the role

of technology adoption in creating cross-sectional dispersion of Qs and show that assets are

reallocated toward more efficient firms through mergers (Jovanovic and Rousseau (2008)).

Maksimovic and Phillips (2002) model asset reallocation as firms’ responses to aggregate

demand shocks and show that the productive segments of conglomerates grow faster. Exam-

ining actual productivity changes around the transition of asset ownership, Maksimovic and

Phillips (2001) provide evidence of the efficiency of physical capital reallocation, especially

through asset sales of plants and divisions. Yang (2008) develops a dynamic neoclassical

model of asset sales in the presence of productivity shocks and generates predictions consis-

tent with empirical evidence that firms optimally purchase assets when idiosyncratic shocks

raise their productivity relative to industry peers. I complement this literature by investi-

gating human capital allocation in the presence of productivity shocks arising from scientific
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breakthroughs. By measuring idiosyncratic exposure to shocks, I show that human capital

tends to be reallocated to more productive use, consistent with the redeployment patterns of

physical capital predicted from the neoclassical models above. Due to the fact that human

capital is embedded in workers who are subject to employee-employer relationships, I also

provide evidence that labor market frictions matter. The ability to move skilled workers

from less to more productive labs largely depends on the effective thickness of the labor

market, accounting for constraints such as NCs.

Third, this paper contributes to the literature evaluating the effects of noncompete agree-

ments. Extensive evidence has been found that NCs impede labor mobility, especially for

skilled labor in knowledge-intensive occupations. This paper complements this string of

research by showing that the enforceability of NCs attenuates inventor mobility during tech-

nological advances, as a result of which the use of human capital as an innovation input is not

optimal. Existing literature reaches different conclusions on whether NCs negatively affect

innovation. On the one hand, enforceable NCs help solve under-investment in human capital

due to the holdup problem by prohibiting departures to competitors. For example, Jeffers

(2019) and Starr (2019) find firm-sponsored training is more common in states with more

stringent NCs enforcement. On the other hand, enforced NCs can hinder the development

of fast-growing technological firms and sectors. In particular, they impede firm entry and

innovative startup performance (Samila and Sorenson (2011), Jeffers (2019), Starr (2019)).

By comparing the innovation outcomes of labs with and without enforced NCs during the

period of scientific advances, this paper reveals that the use of noncompete clauses can hurt

innovation activities that rely on rapid labor turnover and, thus, limit the scope for tech-

nology diffusion. My empirical results provide an estimation of how much research facilities

under the legal enforceability of noncompetes can take advantage of technological advances

that would otherwise have emerged.

Finally, the paper contributes to the literature studying the relation between scientific

advancement in public research institutes and innovation conducted by corporations in the

private sector. It has long been known that there is a positive and substantial connec-

tion between firm patenting and prior scientific research (Trajtenberg, Henderson, and Jaffe

(1997), Adams (2002)), especially in close technological domains (Jaffe (1989)). By pro-

viding extensive evidence that scientific advances considerably influence patenting activities

by corporate R&D labs, this paper documents that the realization of productivity gains

heavily depends on access to specialized talent in local labor markets and emphasizes the

crucial role played by human capital mobility. Much of the existing evidence relies on the

network of patent-to-patent citations and patent-to-publication citations to detect techno-

logical spillovers (Ahmadpoor and Jones (2017)). Methodology-wise, this paper contributes
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to this literature by providing a text-based approach to systematically study the impact

of science on corporate innovation and to quantify idiosyncratic exposure to technological

shocks without reliance on citations, in which case the linkage between two inventions heavily

depends on inventors’ awareness of the existence of prior technology and personal discretion

in whether to make a citation.

The remainder of this paper is organized as follows. Section 2 describes my sources of

data and the sample construction process. Section 3 outlines the paper’s empirical strategy

and presents the main effects of breakthroughs as a shock to corporate R&D labs. Section

4 presents the results on how labs in thick labor markets disproportionately benefits from

breakthroughs, while Section 5 investigates the mechanisms underlying the thick market

effects. Section 6 presents a discussion of additional tests and Section 7 concludes.

2 Data

This section describes data sources and the sample construction process. I discuss the

strategy of locating R&D facilities, the definition of the local labor market, and the measure

of labor market thickness. I also provide definitions of key variables and present descriptive

statistics.

To construct my sample, I use establishment and firm data from the Longitudinal Busi-

ness Database (LBD) of the Census Bureau and the universe of U.S. patents granted between

1976 and 2019.

2.1 Patents, Inventors and Local Labor Market

The source of patent data is derived from PatentsView, a patent database which provides

detailed patent-level records on nearly seven million patents derived from the United States

Patent and Trademark Office (USPS) bulk data files.

The dataset provides information on patent application dates, the date when the patent

was ultimately granted, patent assignees, patent inventors, other patents cited as prior work,

the technology classification of the patent, as well as textual and graphic content of patents

content from 1976 to the present. Usually, assignees (a company, university, research lab, or

other organization) hold the ownership of a patent invented by one or a team of inventors

as a result of an employer-employee relationship. Disambiguation algorithms are applied

to provide unique identifiers for patent inventors and assignees, making it possible to follow

individuals’ inventing activities and employment history (conditional on patenting) over time.

Those identifiers are constructed using inventor and assignee information such as name and
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geography along with co-invention networks.7 In the meantime, the dataset contains detailed

information on the residential address of inventors linked with patents, which allows me to

geographically locate inventors and, thus, the local labor market they are associated with.

I use a sample of all U.S. utility patents granted between 1976 and 2019. Cooperative

Patent Classification (CPC) code are assigned to patents to define the relevant technology

area. In this analysis, I will use the CPC section code to describe the “research field” and

the CPC class code to to describe “technology class.” There are 8 research fields defined for

patents studied in sample. The distribution of R&D labs across fields are shown in Table 2

Panel C.

I then collect information on inventors associated with the patents. Based on the in-

ventors’ residential address reported on their patent applications, I construct a sample of

inventors with a valid U.S. address. There are roughly 1.7 million unique inventors over

1976-2019 residing in U.S. and filing at least one patent. I use the field in which an inventor

filed most patents to determine the main research field of inventors and the main three-digit

technology class are determined in the same way. Though it is rare the case, if an inventor

has same number of patents in more than one research field or technology class, I use the

field and class in which an inventor filed more important patents based on citation received.

Local Labor Markets Following Moretti (2021), I define local labor markets as the com-

bination of location � research field. The geographical units of analysis I employ are com-

muting zones. There are 709 commuting zones (2000 version) in the United States, and they

cover the entire country.8 CZs are a useful proxy for estimating the scope of local labor

markets since CZs are based on economic geography rather than jurisdictional boundaries.

Relying on Census commuting flows with additional information, they are designed as a self-

contained economic unit with dense economic activity within its borders and little economic

activity crossing its borders. Also, they cover the entire United States, including rural areas

where many inventors could live. Thus, there are 709 � 8 local labor markets specified for

each combination of CZ and research field.

The thickness of local labor markets is measured as the natural logarithm of the number

of inventors in a specific research field residing in the same commuting zone. Using the

panel of inventors, I aggregate the inventor-year-level data to the LLM-year level, yielding

a measure of LLM thickness over time. For example, Table 1 shows the top ten thick local

7The PatentsView disambiguation algorithm yields a very similar groupings of inventor records, according
to Akcigit and Goldschlag (2022), as their most recent work, which combines multiple sources of administra-
tive data on �rms and individuals to build the bridge between inventor records in the patent data to unique
person identi�ers in the Census Bureau data, cross-validating the quality of both disambiguation methods.

8County-CZ crosswalk is obtained from https://www.ers.usda.gov/data-products/commuting-zones-and-
labor-market-areas/
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labor markets by research field in 2000.

Table 1: [INSERT TABLE HERE]

2.2 R&D labs

Locating the actual places where corporate innovation is conducted has long presented chal-

lenges to researchers due to the need for more data, especially for private and multi-unit

firms. Although the site of corporate headquarters or patent office can be observed in

some cases, using this single location to study local labor markets is wildly misleading

for geographically-dispersed firms. In this section, I exploit detailed and comprehensive

establishment-level data from the Longitudinal Business Database (LBD) of the Census Bu-

reau and the matched patent data to determine the location of R&D facilities and document

their innovative activities at the lab level.

The LBD is a census of business establishments and firms in the U.S. with paid employ-

ees comprised of survey and administrative records. It contains longitudinal establishment

identifiers, data on establishment location, age, industry, employment, annual payroll and

firm affiliation, available for nearly every establishment in the U.S. annually. It is worth

emphasizing that LBD data covers firms in all industries that cover the whole territory of

the U.S., which means that there is less likely to be a selection problem than in analyses

that have confined their samples to a portion of states or selective industries. The LBD data

used in this paper covers from 1990 to 2019.

Focusing on corporate innovation, my sample only includes patenting firms and excludes

non-corporation assignees (individuals, government, universities, etc.). Similar to raw inven-

tor data, the original patent records lack consistent identifiers for firms. To identify LBD

firms as patent assignees over time, I rely on large-scale disambiguation efforts on patent

assignees made by PatentsView and the patent assignee-LBD firm ID crosswalk built by

Dreisigmeyer, Goldschlag, Krylova, Ouyang, and Perlman (2018), which takes a triangula-

tion strategy introduced by Graham et al. (2018) leveraging fuzzy matches of both patent

assignees and inventors, in combination with job-level data, to disambiguate and validate

matches. The established linkage between patent assignees and LBD firms covers patents

granted from 2000 to 2019, with widespread application dates mostly from the 90s to recent

years due to the uneven time lag between the time a patent application is submitted and the

time it is granted, which usually takes at least one year and can be pending for five years

and more. Along the analysis, a year is defined as the year of the patent application, not

the year when the patent is granted since the application year has been widely viewed as

the timing that can better reflect the actual timing of innovative activities being done. To
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supplement the patenting firms and the records of their patent that applied in the 1990s,

I extend the assignee-firm matching using the disambiguated assignee identifier along with

cross-validation of name and address. As a result, I obtain a complete sample of firms that

have at least one patent application since 1990. Among U.S. assignees defined by addresses

in their patent applications, over 90% of them are well-matched to LBD firms. Linking firms

in LBD, which contain information on establishments with patent and inventor data allows

me to identify their innovation activities conducted by local research facilities.

To distinguish facilities engaged in R&D activities, I rely on firms’ patenting records

and track their patent history, which contains the residential address of their inventors. By

comparing the location of establishments and the address of inventors, research labs (“R&D

labs” hereinafter) are identified as those plants where at least one establishment can be found

in the commuting zone where associated inventors reside. If there are multiple establishments

in a commuting zone, I group them into one facility. Thus, R&D labs are defined at the

firm-CZ level. Table 2 Panel D summarizes the lab characteristics. The variable “su-mkt”

indicates the R&D labs that are single-unit firms, which means they have a sole establishment

relevant for innovation concerning patenting. About 48% of R&D lab-year are single-unit.

More than a half of the sample consist of R&D labs belonging to multi-unit firms and the

large standard deviation of the variable implies that a handful of firms have R&D labs across

an extensive set of locations. The finding reinforces the necessity of using plant locations

rather than the sole address of corporate headquarters or patent office (which is listed as the

assignee address on patent applications) to determine the R&D facilities.

I use the technology class in which an R&D lab filed most patents to determine its main

technology class and thus the research field (the local labor market) relevant for the lab.

Table 1 presents the distribution of R&D labs by research field.

The unit of observation in the paper is a lab-year. My main analysis uses a sample of R&D

labs that were established at least when scientific breakthroughs arrived. Also, I dropped the

patents co-assigned to private R%D labs and public research institutes, including universities

and government labs.

Other Data Sources I identify whether an innovative firm have received any venture

capital between 1990 and 2005, based on to the linkage LBD firms with VC-financing infor-

mation from VentureSource and VentureXpert built by Puri and Zarutskie (2012).

To supplement information on inventors, I match the inventor-patent data from PatentsView

with the web-scraped database by Kaltenberg et al. (2021) and obtain the inventor age.
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2.3 Measures of Innovation Productivity

To evaluate the lab-specific productivity of innovation output, I will use several patent-based

measures, including widely-adopted measures over the last two decades and novel text-based

measures. Patents provide one of the most valuable data that includes rich insights into the

types and value of inventions that firms pursue.

The first primary measure of productivity is the quantity of patents that labs applied

that were ultimately granted. The year of application is most relevant,since it provides a

proxy for determining when inventors began developing the invention.

Patent counts correspond to the quantity of innovation, and patents can be heterogeneous

in the number of ideas they contain and exhibit considerable variation in their value, some of

which are argued to be useless. The distribution of patent value is highly skewed. I employ

three measures to capture the quality of inventions. The first citation-based measure is

based on forward citations received by patents adjusted by the fixed effect methodology(Hall

et al. (2001b)). Forward citations indicate the technological impact of a patent on future

inventions. Citation rates vary considerably over time and across technologies. Thus, I

adjust patent citations for the changing distribution of patent citations each year by scaling

citations by the average number of citations per patent granted in the same year and the

same three-digit technology class. This is necessary to solve the patent-level bias problem

highlighted in Lerner and Seru (2021) induced by truncation of reported patent awards and

citations, which can affect estimates of time trends and patterns across technology classes

and regions.

I construct a binary variable, Top9CitedPatents, which is an indicator variable equal to

one if a patent ends up in the top 10% of all patents from the same year and technology

class in terms of forward citations received (Bernstein, Mcquade, and Townsend (2021)). This

variable identifies a subset of highly influential patents granted within a technology class in

a given year. The last variable I used to capture the importance associated with patents

invented by a lab is the count of important-weighted patents. Importance is a text-based

measure that combines both novelty and impact of an invention. The measure is positively

related to citation-based quality measure as well as stock return-based value measure(Kogan,

Papanikolaou, Seru, and Stoffman (2017)), which estimates the private economic value of

patents from stock market response to news about patents and thus is available to patents

assigned to public firms only. Kelly et al. (2021) confirms the text-based importance measure

is a strong predictor of return-based patent value. The advantage of importance is that the

measure is available to all patents. Section 3 includes details on constructing the importance

measure from the high-dimensional textual content in patent technical descriptions.
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Due to the skewed nature of the distribution of patent counts and citation counts, I

use the natural logarithm of the count-based variables.9 Panel D of Table 2 presents the

correlation matrix of my patent-based measures of innovation outputs. Panel E of Table 2

presents the summary statistics of variables used in the paper.

Table 2: [INSERT TABLE HERE]

3 Research Design

3.1 Scientific Breakthroughs

To obtain exogenous technological shocks, I rely on breakthroughs in the public sector includ-

ing universities and other public research institutes. These scientific breakthroughs create

large and unexpected productivity shocks to corporate innovation. The measurement of

breakthroughs is separated from the measurement of patenting activities by innovative firms

in the private sector, which limits the scope for mechanical relations between technological

shocks and future patenting by firms. To identify scientific breakthroughs, I build text-

based indicators of breakthroughs following Kelly, Papanikolaou, Seru, and Taddy (2021).

The idea is that innovations that greatly influence future technologies and deviate from the

status quo are more likely to represent scientific breakthroughs. As a first step to measure

the similarity between any two inventions, I rely on technical descriptions extracted from

textual contents used in patent abstracts. I apply natural language processing techniques on

high-dimensional textual data from over 6 millions patents to obtain a text-based similarity

matrix describing pairwise similarities of patents.

3.1.1 Similarity Matrix and Patent Importance. To derive meaning from human-

generated free-form technical descriptions of patents, the unstructured text must be con-

verted to a numerical representation. The natural language processing methodology used

here is Term Frequency-Inverse Dense Frequency (TF-IDF) technique. TF-IDF analyzes the

library of all 6 million patents as a whole. TF measures how often a term appears in a specific

patent, and IDF indicates the relative rarity of a term in the collection of all documents.

The terms are pre-processed with the removal of stop words and token normalization. The

9Since logarithm of zero is unde�ned, to avoid losing the lab-year observations with zero patents, following
the common practice in the literature(Hirshleifer et al. (2012), Bernstein et al. (2021), among others), I add
one to the actual values when calculating the natural logarithm. Results remain robust when I estimate
Poisson regressions on actual patent-count and citation-count variables.
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technique is motivated by the view that the importance of a term to a focal patent is posi-

tively related to its frequency in the technical description, while the information uniqueness

of the term is inversely related to its frequency across the library of all patents. The final

TF-IDF value, equal to the product of TF and IDF, is used as the weight for each term in

each patent description. Thus, the free-form textual description of a patent can be repre-

sented by a vector of TF-IDF weighted terms. I rely on the textual content in the patent

abstract to vectorized each invention. The similarity between any two vectorized patents

can be calculated as the cosine distance of two vectors, ranging from zero to one. The out-

put is a machine-automated measure of the relation between any two patents. This is an

improvement upon on other widely used citation-based measures, in which case the linkage

between two patents depends on inventors’ awareness of the existence of prior art and her

(or patent examiner’s) discretion in whether to make a citation.

I measure the linkages between any given invention and the set of existing and subsequent

patents based on the similarity matrix. Following the definition used by Kelly et al. (2021),

novel patents are those that are conceptually distinct from their predecessors and there-

fore has a lower similarity score than previous inventions (backward similarity). Impactful

patents influence future scientific advances, reflected in their high similarity with subsequent

innovations (forward similarity). Importance is defined as the ratio of the 5-year forward

to the 5-year backward similarity,10 net of year fixed effects. The measure of patent impor-

tance is used extensively in this paper as an overall quality measure of patents. Besides, the

similarity matrix that measures technological relevance between any two patents also serves

as crucial inputs to construct variables of interest used in the following analysis.

3.1.2 Measures of Scientific Breakthroughs. Breakthroughs are the most important

innovations. They reshape the technological frontier and open new paths for considerable

future work to build on. I identify breakthroughs as the most important inventions, those in

the right tail of the importance measure across all patents, thus being both highly distinctive

from previous work but related to subsequent innovations. I use the top 10 percentile as the

cutoff following the definition in Kelly et al. (2021).

To build indices of scientific breakthroughs, I focus on breakthrough innovations gener-

ated from universities, federal or state government labs, and other public research institutes.

Innovations from the public sector are closer to basic research and have potential spillovers

to innovations in the private sector, which are more likely to be directed toward commercial

use. Public research institutions produce scientific progress that is subsequently transferred

10An alternative de�nition of Importance, based on the ratio of the 10-year forward to the 5-year backward
similarity, is employed for robustness tests and generates consistent results.
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into product and process innovations by private businesses, referred to as the public-good

nature. Current research has shown inventions filed by public research institutes heavily

cites scientific publications and likely represent basic research. These research conducted by

universities and other public research institutes can generate substantial spillovers to indus-

trial R&D. It is also shown that the commercial spillover effects come through more clearly

within their technical domains (Jaffe (1989), Ahmadpoor and Jones (2017)). A booming

technology usually involve multiple breakthrough inventions. For this reason, I aggregate

the total number of breakthrough inventions by technology class (also referred as “technol-

ogy category” in the paper) to obtain indices that describe the arrival intensity of scientific

breakthroughs for each technology class. In my sample, examples of booming technolo-

gies that experienced strong breakthroughs with high intensity include genetic engineering,

computing, electric communication technique, optics, and nanotechnology. Using the appli-

cation year as the timing when a breakthrough innovation arrives, I obtain a measure of the

intensity of technology-specific scientific breakthroughs from 1981 to 2010.11

3.2 Empirical Strategy

3.2.1 Specifications. My primary interest is to examine how corporate innovation un-

evenly benefits from unexpected technological opportunities depending on their pre-determined

locations, with specific attention the role of the mobility of human capital in the process.

Scientific breakthroughs significantly departing from prior conventions can reshape exist-

ing technological trajectories and create technological opportunities for private businesses.

The arrival timing of a breakthrough is highly random, creating unexpected productivity

“shocks” to corporate R&D labs.

First, I establish the validity of productivity shocks on private sector innovation and in-

vestigate the magnitude of responses by subsequent corporate inventions to scientific break-

throughs. I estimate regressions of patenting outcomes by R&D labs on the intensity mea-

sures of breakthroughs that hit the technological domain of the private lab using a model as

follows.

Yikcf;t =�jBkthrk;t�j + Controlsikcf;t + FEs+ �ikcf;t (1)

Importantly, to investigate the extent to which labs’ responses lean on the thickness of

11Although patents granted before 1976 are not in my database and thus not included in the calculation,
the resulting index of breakthroughs, using the same de�nition as Kelly et al. (2021), are highly correlated
with their index (correlation coe�cient over 0.98) in the overlapping period.
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local labor market, I include an interaction term to capture the interplay between scientific

breakthroughs and labor market thickness specified below.

Yikcf;t = �1Bkthrk;t�j + �2Bkthrk;t�j � Thicknesscf;t�j + Controlsikcf;t + FEs+ �ikcf;t

(2)

The outcome variable is measured for R&D lab i in technology class k and located in a

local labor market (defined by commuting zone c � research field f) in year t. Bkthrk;t�j

indicates the intensity of scientific breakthroughs in technology class k in year t�j, measured

by the log number of breakthroughs generated from universities and public research institutes

in the period. Thicknesscf;t�j represents the thickness of the local labor market at the

beginning of year t� j.
To study the effects of pre-shock local labor market thickness on innovation productivity

and human capital reallocation following scientific breakthroughs, I rely on cross-sectional

variation in which I compare patent outputs and talent mobility across R&D labs that expe-

rienced differential productivity shocks. I focus on pre-determined labor market conditions

to exclude the effects from endogenous sorting of labor following the breakthroughs. Still,

there remain potential concerns as the location of an R&D lab is not randomly assigned. It

may be the case that labs that actively engage in research activities strategically choose to

locate in the innovation clusters.

To address these issues, I include CZ � research field � year fixed effects. With the

inclusion of this LLM by year fixed effects, I am identifying off of R&Ds labs that are faced

with the same local labor market but conduct research in the tech niche experiencing the

differential intensity of breakthroughs during the same time window. The general orientation

of their innovation activities is also likely to be similar, given that they share a common

research field and choose to locate in the same locality. Also, they are identically affected

by any time-invariant or time-varying complementary between a location and a research

field that makes the local market particularly attractive for talent in the field.12 Besides,

labs conducting innovation in the same research field might operate a business in different

industries. I include industry fixed effects to account for heterogeneity across industries in

patenting propensity.

12The �xed e�ects can �lter out many other sources of bene�t that labs might obtain from locating in the
�eld-speci�c innovation cluster, including changes in access to �nance, such as venture capital that tend to
populate in a certain area and \hot" �eld during certain periods, and proximity to research universities, such
as Stanford in Silicon Valley and MIT as well as Harvard in Boston(Saxenian (1994), and Lee and Nicholas
(2013)).
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Figure 2: Empirical Strategy: Exploit Cross-Sectional Variation Within Local Labor Markets
The �gure illustrates the main empirical strategy. A local labor market is de�ned as Commuting Zone �
ResearchF ield. This �gure depicts two LLMs of a research �eld, Computers&Communications.
Within the �eld, there are di�erent technology classes, illustrated by three examples, CloudStorage,
Bioinformatics and AI Computing. In a given year, a certain technology class, i.e., AI Computing can be
shocked by scienti�c breakthroughs. Using CZ�research field�year �xed e�ects, the estimation of break-
through e�ects relies on the cross-sectional comparison between R&D labs in AI Computing and una�ected
labs in other classes within the same research �eld. The thick market e�ects estimate the extent to which
such comparison depends on local labor market thickness (dark blue vs. light blue).

I also include a set of control variables, Controlsikcf;t, to account for time-varying lab

characteristics. For example, large labs or labs affiliated with large firms may have better

access to resources and thus can better take advantage of breakthroughs than smaller labs.

I measure lab size using the log employment of the lab and measure firm size using the log

employment of the firm. Firms at a different stage of their life cycle can take a different

strategy to conduct research. Mature firms may be less incapable of responding to radical

technological changes that upset their established technologies. The age is thus controlled

using the years since the initial year of the first establishment with positive employment. I

calculate the total number of labor markets where a firm has R&D labs to control for the

impact of intra-company transfers through internal labor markets on the lab outcomes. I

also include an indicator variable to represent the single-unit labs. Labs also differ in their

innovation experience, which is controlled by the stock of highly-cited patents owned by the

lab in the past. The control variables are included across various specifications unless other-

wise specified. Standard errors are clustered at the LLM-year level to account for potential

serial correlation across labs in the same LLM in response to a wave of breakthroughs. I

standardize all independent variables to have the mean as zero and the standard deviation

as one to ease interpretation and magnitude comparison.

To sum up, with the use of a broad set of control variables and fixed effects, my empir-

ical strategy is to focus on cross-sectional comparison across comparable R&D labs in the
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same LLM that experienced differential productivity shocks during the same time window

and investigate whether the comparison depends on the pre-determined local labor market

thickness.

3.2.2 Main Effects of Scientific Breakthroughs on Corporate Innovation. To

verify the validity of productivity shocks induced by scientific breakthroughs and investigate

the magnitude of responses by subsequent corporate innovation, I estimate regressions of

innovation outputs produced by R&D labs, the number of patents and the number of core

inventions on the intensity of breakthroughs using Model 1.

Are R&D labs responding to breakthroughs that have arrived, in which case scientific

breakthroughs catalyze corporate innovation? Or are R&D labs are “responding” to future

breakthroughs, in which case corporate innovation predicts or affects the arrival of scientific

breakthroughs? To answer these questions, I employ a 9-year window for breakthroughs

around a given year in which the R&D lab’s patenting output is assessed. I estimate the

effects of breakthroughs at different timing on corporate innovation responses. The effects

of interest are denoted �j, where �4 <= j <= 4. Ideally, I would observe coefficients

for the breakthrough terms before year t to be positive and statistically significant, while

coefficients for year t and after to be indifferent from zero. A pattern like this would support

the productivity “shock” assumption. In addition, this specification allows me to assess how

long it takes for labs to respond after the arrival of technological shocks.

Table 3 Panel A presents the results. All the independent variables are standardized.

R&D labs that experienced scientific breakthroughs in their technological domain produce

more patents, confirming that breakthroughs have a positive impact on corporate innovation.

The estimated coefficient implies that a one-standard-deviation increase in the intensity of

scientific breakthroughs in t � 3 year leads to 1.63% increase in the total patent output,

the boost in core inventions is 1.37%.The breakthroughs in t� 2 year also have a significant

positive effect on labs’ patents in year t, although the magnitude is more minor. Labs respond

to technological opportunities that happened two or three years ago. In other words, the

realization of productivity shocks takes about three years. Concurrent and future scientific

breakthroughs are irrelevant.

Table 3: [INSERT TABLE HERE]

Given the dynamics of breakthrough effects observed in Panel A, I estimate regressions

of various measures of innovation outputs on the cumulative intensity of breakthroughs that

happened within a three-year window. I examine the main effects of scientific breakthroughs

on the quantity and quality of all patents, separately study the impact on core and non-core
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inventions, and look into the exploratory nature of patents produced by R&D labs. Table

3 Panel B presents the results. Across all patent outputs, I estimate a positive coefficient

that is statistically significant at the 1% level. This result indicates that labs produce more

patenting outputs following scientific breakthroughs in their technology domain. Scientific

breakthroughs not only lead to more patents in R&D labs, the quality of these patents,

measured by forwarding citations received by the inventions, is also higher. The effects are

mainly driven by the increase of patents in the core technologies that experienced break-

throughs and meanwhile, there are modest positive spillovers on the patenting in peripheral

tech classes. Examining the effects on labs’ exploratory and exploitative patents indicates

that scientific breakthroughs mainly lead to more exploratory inventions. Besides, lab char-

acteristics also matter in producing patents. I find that large labs and labs that belong to

large firms at a younger stage of their life cycle produce patents at a higher rate following

scientific breakthroughs. Besides, past experience in producing high quality patents also

help in producing more patents. The internal labor market is also positively associated with

patent outputs.

4 Thick Labor Market Effects

4.1 Quantity and Quality of Innovation Outputs

In this section, I discuss my main analysis of how corporate innovation unevenly benefits

from unexpected scientific breakthroughs depending on the predetermined location.

First, I present initial evidence showing how R&D labs’ patenting activities react to scien-

tific breakthroughs and whether local labor markets affect the strength of reactions. Figure

3 shows a binned scatter plot of the relationship between the log number of patents filed

by R&D labs in a given year and the intensity of scientific breakthroughs that happened

in the past three years, measured by the log number of technology-specific breakthroughs.

The binned scatter plot graphs the non-parametric relationship between corporate innova-

tion and scientific breakthroughs for two subgroups, conditioning only on application year

effects. Specifically, the relation is plotted separately for labs in the thick and thin LLMs

based on a median split. The curve of labs in thick markets is above the curve in thin

markets, representing a positive baseline difference in patenting rate between two markets.

But the innovative productivity of labs in thick and thin follow similar trajectories in that

the difference is slight and stable when few scientific breakthroughs are arriving. As the

intensity of breakthroughs increases, both groups produce more patents. In particular, the

two groups start to diverge, and the gap becomes wider. To sum up, the upward slope
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indicates the positive effects of scientific breakthroughs on patent output by R&D labs. The

broader gap suggests the additional productivity gain on patenting for labs in a thick market.

The pattern is consistent with the hypothesis that R&D labs in thick markets can unevenly

benefit more from technological opportunities.

Figure 3: Innovation of R&D Labs by Thick LLM. The �gure shows the binned plots of innovation
outputs (log number of patents) produced by R&D labs in a given year and the intensity of scienti�c
breakthroughs measured by the log number of technology-speci�c breakthroughs in the past three years,
conditioning only on application year e�ects. This plot corresponds to the regression in Table 4 Column 1:
The same sample is used, and variables in the x- and y-axis follow the same de�nitions. R&D labs are sorted
into thick and thin local labor markets based on a median split of the labor market thickness.

In Table 4, I estimate the effect of thick labor markets on labs’ innovation output following

scientific breakthroughs in a regression setting using Model 2 where the time window I use

to measure the intensity of breakthroughs is (t� 3; t� 1). Model 3 is the main specification

used extensively in the analysis.

Yikcf;t =�1Bkthrk;(t�3;t�1) + �2Bkthrk;(t�3;t�1) � Thicknesscf;t�3

+ Controlsikcf;t + FEs+ �ikcf;t (3)

where n denotes industry and s denotes the state. As before, i indexes R&D lab, k
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technology class, commuting zone c� research field f represents local labor market. Outcome

variables are patent-based measures of innovative outputs. Patent-based quantity measures

could be zero for some lab x year observations; thus, I take the log patent count plus one

as outcome variables and use the linear model as the main specification across the analysis.

Table 4 presents my findings.13

Table 4 Panel A: [INSERT TABLE HERE]

In column (1), I first examine the effect of thick labor markets on the number of patents a

lab produces. By including LLM x year fixed effects, I reply on cross-sectional variation from

labs in the same research field and commuting zones, thus facing the same local labor market

but encountering different intensities of technology-specific breakthroughs. Comparing such

R&D labs helps minimize selection concerns, as these labs are likely to be similar, and

the results on the comparison show that R&D labs that experienced a higher intensity of

breakthroughs produce more patents, confirming again that breakthroughs have a positive

impact on corporate innovation. What’s more, the positive coefficient of the interaction

term between breakthrough and local labor market thickness is statistically significant at

the 1% level. The result indicates that the strength of reaction to breakthroughs strongly

depends on the local labor market. In terms of magnitudes, the estimated coefficient implies

that a one-standard-deviation increase in labor market thickness leads to an addition of

0.81% increase in the patent output in response to each unit of breakthrough intensity.

This suggests that given a breakthrough with intensity equal to 1 which lies above the

mean by exactly one standard deviation, a R&D lab that lies in the technology class hit by

breakthroughs on average will produce 3.13% more patents than that of a similar lab whose

main technology was not shocked; and the boost will increase by 25.88% (equal to the ratio

of 0.81% and 3.13%) if the associated LLM is one-standard-deviation above the average in

terms of thickness.

To understand the effect of labor market thickness on the quality of patent output, I move

from measuring the quantity of patent output to measuring the quality using patent citations.

In column (2), I measure innovative productivity using the annualized sum of adjusted

citations received by patents filed in the year of interest (based again on the application

year). Column (2) reports the result. The patents filed by corporate R&D labs after scientific

breakthroughs tend to receive more citations in the following years. Besides, the magnitude

of thick market effects on patent quality is even larger than that of patent quantity. Given

the same level of breakthroughs equal to 1, one standard deviation increase in the labor

13The results are consistent when I estimate a Poisson model where the raw number of patents is used as
the outcome variable.
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market thickness leads to an addition of 0.61% increase in the citations received, equivalent

to 27% (equal to the ratio of 0.61% and 2.26%) more increase relative to a similarly-shocked

lab but without the extra thickness. This result means that R&D labs produce not just

more patents but also more influential patents compared to otherwise similar labs without

breakthroughs and the difference is substantially larger in thick labor markets.

The impact of inventions might not correspond directly to the number of citations re-

ceived. Influential innovations often disproportionately receive many citations; thus, the

patents that ended up in the top percentiles in the citation distribution are more likely to

be impactful inventions. Following Bernstein et al. (2021), I define a top patent if it ended

up in the top 10% of all patents from the same year and technology class in terms of ci-

tations. I also construct a text-based measure developed by Kelly et al. (2021) to identify

important inventions based on the textual similarity of a given patent to previous and sub-

sequent work. Important patents are novel relative to their predecessors and influential for

subsequent research.

The indicator of top patents can mainly identify impactful patents to which much future

research is related based on citations. A patent with many citations can be very novel,

create a new trajectory of technology, or be part of a mainstream technology that has been

and continues to be popular. While the indicator of important patents speaks to a more

comprehensive concept that emphasizes both novelty and impact, which can also be broadly

viewed as an extension of two features of a patent, originality and generality. It is a measure

of the overall significance of the patent. Column (3) and (4) examines the effects of scientific

breakthroughs and thick labor markets on producing top and important patents. Labs that

experienced breakthroughs, especially in thick markets, produce more top and important

patents. Given the same level of breakthroughs equal to 1, one standard deviation increase

in the labor market thickness leads to an addition of 0.35% and 1.18% increase in the top

patents and important patents on top of the 0.49% and 2.58% main effects of breakthroughs.

Overall, the results here lend support to the hypothesis that R&D labs in the thick local

labor market produce more and better inventions following scientific breakthroughs.

4.2 Core Technologies and Exploratory Nature

Besides the quantity and impact of patenting outputs, the direction of innovation also con-

sist of important features of the innovative activities of R&D labs. In Table 4 Panel B, I

investigate the technology class and exploratory nature of innovations.

Core technology defines the main class of labs, representing the area where labs direct

the most effort and resources and tend to be closely associated with its innovation strategy.
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Though given the findings that R&D labs in thick labor markets affected by scientific break-

throughs produce more patents and patents that are more cited than labs in thin markets, it

is plausible that labs in the thin markets just focus exclusively on core technologies to make

the best use of breakthroughs and may produce equal or more patents in the core technology

class. In that case, the less prominent performance on total patent output might only be

due to a shift from peripheral to core patents. To explore the thick market on inventions in

the core areas and non-core areas directly, I examine the quantity and impact of core and

non-core patents separately by constructing the measures of patent count and citations in

the same way as previous ones.

Panel B in Table 4 presents the results. I find that R&D labs in thick labor markets

abnormally produce an abnormal amount of both core and non-core patents. The coefficients

imply that an R&D lab that experienced breakthroughs with an intensity equal to 1 in the

previous three years successfully increases the output of core patents by 0.88% and non-

core patents by 0.35% with a one-standard-deviation increase in terms of thickness. The

overall quality of inventions is also better, especially for the core inventions. Labs in thick

markets also experience abnormal growths in non-core patents, however, with much smaller

magnitude. The results suggest that the labs in thick markets disproportionately benefit

from breakthroughs, and their benefits are concentrated in their core technologies.

Finally, I investigate whether the thick market effects on exploratory and exploitative

inventions are similar to one another or not. I distinguish between exploration of new

technologies and exploitation of well-known technologies (March (1991)). Exploitation is

the refinement or extension of existing technology familiar to the firm. Exploitative projects

tend to be incremental innovations built on existing resources and products. In contrast,

exploration involves searching and experimentation in unfamiliar knowledge areas, which

may require more resource commitment. Therefore, exploratory inventions rely less heavily

on the existing knowledge of their firm. To measure exploration and exploitation, I rely

on the text-based technological proximity of inventions across time within each lab. This

measure captures whether a lab’s inventions in a given year stay closely with or deviate from

its existing patent portfolio. Specifically, I calculate the textual similarity between patents

filed by a lab in a given year and the lab’s prior patents based on the pairwise similarity

matrix from Section 3. For each patent, if its average similarity with previous inventions is

below 0.2, the patent is identified as an exploratory (new) invention; otherwise, the patent

is identified as an exploitative (incremental) invention. An exploitative innovation will

contain textual descriptions similar to the contents in previous patents; while an exploratory

innovation will look more different.

The results are presented in two last two columns of Table 4. The table shows that labs
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in the thick market produce more exploratory patents following breakthroughs above the

expected level of similar labs in the same research field and location. While labs also make

more exploitative patents after breakthroughs, the effect is driven by labs in the thin market.

The coefficients imply that for each unit of breakthrough intensity, a lab in the thick market

produced 0.71% more exploratory patents if the labor market thickness increases by one

standard deviation.

Overall, the results suggest that following a technological shock, R&D labs become pro-

ductive, particularly concerning projects in core technology that are high impact and tend

to be more exploratory.

Table 4 Panel B: [INSERT TABLE HERE]

4.3 Firm Growth and Long Term Success in Innovation

Although patents provide one of the most useful matrices yielding insights into the types

and value of inventions being pursued by firms, there is still limitation with patent data.

Patentable inventions might provide an incomplete picture of innovation. In light of this, I

use the firm growth, specifically, in the overall human capital embedded in the lab measured

by annual wage per employment in log form.

Comparing such R&D labs helps minimize selection concerns, as these labs are likely

to be similar, and the results on the comparison show that R&D labs that experienced a

higher intensity of breakthroughs produce more patents, confirming again that breakthroughs

have a positive impact on corporate innovation. What’s more, the positive coefficient of

the interaction term between breakthrough and local labor market thickness is statistically

significant at the 1% level.

Column (1) of Panel B in Table 4 present the result. The positive coefficients indicate

that R&D labs that experienced a higher intensity of breakthroughs grow to be more human-

capital intensive, especially for labs located in thick labor markets. The finding suggests that

the effects of labor market thickness are not limited to patentable innovation but are also

associated with increased human capital embedded in the labs. Column (2) examines the

effects on growth in size, measured by total employment. It shows the higher intensity of

breakthroughs is associated with a growth of employment in labs, but the effect does not

differ by where the lab is located in. It confirms that the thick market effect on lab growth

in annual pay is not driven by the abnormal change in the size of employment but is more

likely to reflect the change in human capital.

While data on patents imperfectly reflect innovation, they may be the best available

measure of inventiveness. In the last two columns of Panel C, I examine whether the thick
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market benefits from scientific breakthroughs are only temporary or can last longer, since

long-lasting effects can lead to extraordinary high levels of performance. I calculate the

cumulative top-cited patents and important patents filed in the next five years and define a

lab as an innovation “star” if it ends up in the top 1% in the cumulative patenting measures

across all labs in the same field. Results show that following breakthroughs, labs increase the

likelihood of being an innovation star measured by total top-cited inventions by 0.2%; and

the probability will increase by additional 0.25% with a one-standard-deviation increase in

labor market thickness, equivalent to 8.52% increase relative to the unconditional probability

of being an innovation star. The thick market effect on being an innovation star measured

by total important inventions is 0.52% improvement, equivalent to 24% increase relative to

the unconditional probability. The results suggest that R&D labs can cumulatively benefit

from the thickness. The cumulative advantages might explain why the degree of clustering

in innovation activities increases over time.

Table 4 Panel C: [INSERT TABLE HERE]

To sum up, the results in this section show that scientific breakthroughs create positive

productivity shocks to corporate R&D labs, and labs in thick local labor markets respond

stronger and disproportionately benefit more from the technological opportunities.

5 Investigation of Mechanisms Underlying Thick Mar-

ket Effects

In this section, I investigate the competing mechanisms which might explain how R&D labs

in thick labor markets disproportionately benefit from scientific breakthroughs. To shed some

light on the channels that may lead to the productivity gains enjoyed by R&D labs in thick

labor markets, I begin by investigating the contribution of the incumbent and new inventors

to the increase in innovation outputs following breakthroughs relative to the average levels

in comparable labs. To establish the role of labor mobility, I then re-examine the thick

market effects on innovative productivity when interacting with non-compete agreement

enforceability. Next, to further establish the link between human capital reallocation and

productivity gains, I explore the variation in labs’ exposure to scientific breakthroughs to

study the direction of labor mobility. Finally, I analyze the characteristics of new inventors

and the research team.

The primary result from Section 4 is that R&D labs in thick markets produce more

and better patents following scientific breakthroughs. Although the idea that thick labor
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markets are beneficial is not novel, the existing empirical evidence distinguishing potential

mechanisms underlying the thick market effects is still limited and far from conclusive.

Nevertheless, following scientific breakthroughs that create shocks to innovation productivity,

two major motivational theories shed light on the channels through which R&D labs can

benefit from locating in a thick local labor market.

One potential channel is that the agglomeration of specialized human capital may gen-

erate knowledge spillovers. This line of research has roots in the theoretical frameworks

that estimate the knowledge production function with a spatial dimension and create the

productivity gain as a function of the aggregate human capital in the locality for market

participants.14 The realization of such gains does not necessarily feature labor mobility but

relies on interactions among individuals, which are greatly improved when they are close to

each other,15 since physical proximity with skilled neighbors facilitates transmission of ideas

and diffusion of knowledge. Thus, timely access to the latest ideas makes the talent clusters

particularly attractive in the period with rapid technological advances, which might explain

the additional productivity gains for R&D labs in thick labor markets.

An alternative theory emphasizes the role of thick labor markets in improving the propen-

sity and quality of matching between firms and workers. The idea that labor pooling improves

the matching of firms and workers was first formalized by Helsley and Strange (1990), which

models resource allocation in a system of cities with heterogeneous workers and firms with

differentiated skill requirements. The labor pooling argument is then extended by introduc-

ing firms faced with firm-specific productivity shocks, which create an uncertain exogenous

demand for specific skills. Krugman (1991a,c), by considering firms and workers in sectors

that are subject to idiosyncratic productivity shocks, argues that geographical closeness facil-

itates the mobility of workers from low to high productivity firms.16 Scientific breakthroughs

that significantly depart from prior art and reshape existing technological trajectories induce

14In
uential literature includes, but is not limited to, Lucas (1988), Audretsch and Feldman (1996).
15von Hippel (1994) shows that the knowledge needed for innovation-related problem solving is costly to

acquire and transfer and such sticky information, by his term, is best transmitted via face-to-face interaction
and through frequent and repeated contact. Glaeser (1999) proposed a model in which the direct interactions
among workers in cities are the basis for accumulation and di�usion of knowledge.

16Strange et al. (2006) also model uncertainty-driven agglomeration and show �rms with higher uncertainty
in labor demand for specialized skills bene�t more from co-locating. Almazan, De Motta, and Titman (2007)
consider �rm-speci�c productivity shocks and human capital creation as well as allocation in a combined
framework by integrating the labor pooling model of Krugman (1991a) with industry-speci�c human capital
investments by �rms or workers. They show human capital can 
ow more easily from the less to the more
productive �rms in clusters, and �rms may prefer to locate in close proximity when there is signi�cant �rm-
speci�c uncertainty, though it discourages �rm investments in human capital. Overman and Puga (2010)
provides an empirical investigation on labor pooling as a source of agglomeration and �nds that �rms with
a sizeable idiosyncratic component in labor demand form industrial clusters using establishment-level data
from the UK’s Annual Census of Production.
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productivity shocks to firms. R&D labs might have differential desires for the skills and char-

acteristics of inventors, and the demand might depend on the exposure to breakthroughs.

A talent cluster through facilitating labor mobility and the matching process might also

explain the thick market effects on innovation productivity.

5.1 Contribution to Productivity Gains by Inventor Type: New

Hires vs Incumbents

Although both knowledge spillovers and labor mobility can explain the thick market effects

on productivity, these two mechanisms could have different implications for different groups

of inventors. If the main mechanism is inventor mobility, in which case the thickness of

local labor markets leads to productive worker-firm match and talent reallocation toward

labs that have superior innovation potentials and can make better use of the skilled labor,

we should see the reallocated human capital, that is, the new-hires, contribute more to labs’

productivity gain. On the other hand, the alternative hypothesis that thick market benefits

mainly work through knowledge spillovers which are facilitated by better exchanges of ideas

and faster diffusion of information with physical proximity to other inventors does not imply

differences in innovation productivity gains between new hires and incumbent inventors.

Variable Definition To calculate the contribution to patenting by inventor types, I first

define incumbents and new hires. Based on the inventor-assignee linkages in patent records, I

define an inventor as an incumbent for a lab in a given year t if the inventor’s recent patent(s)

was filed with the same lab; otherwise, the inventor is viewed as a new-hire for the lab in

the given year. One concern is that the employment relationship is not observed during the

time when the inventor has joined a lab but before she files the first patent with the lab.

Due to the data limitation, the new hires could include the inventors that were hired a while

ago and just filed the first patent with the lab after the scientific breakthroughs happened.

To mitigate the concern, I further define an inventor as a recent new-hire for a lab in year

t if the inventor’s most recent patent was filed with a different lab between t and t � 3.

That means the inventor’s departure from another lab to the focal lab is certainly within

recent three years. The average gap between two jobs is about one year, so the timing of

job hopping is accurately captured in this group. Thus, the recent new-hires are clearly

inventors that are reallocated to the focal lab during or right after the outbreak of radical

scientific advancement.

Patent output measures by inventor type, including the number of patents and adjusted

citations, are calculated for each lab-year. To account for the fact that some patents are
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produced in teams that are made up of both new and incumbent inventors, I distinguish their

contribution to each patent based on inventor shares in the whole team and then aggregate

the patent outputs at lab-year level by inventor type.

Results I study the effects of thickness and breakthroughs on patent outputs by incum-

bent and new-hire inventors separately. Table 5 presents my findings. Column (1) and (2)

examines cross-sectional differences between the breakthrough-shocked labs and similar labs

in terms of the number of patents and adjusted citations accordingly, contributed by incum-

bent inventors and investigate whether the differences vary in the thickness of local labor

market; Column (3) and (4) by new-hires and Column (5) and (6) by recent new-hires.

The estimated coefficients for breakthroughs capture systematic differences between more-

shocked and less- (or not-) shocked R&D labs in their responses to scientific breakthroughs

regardless of location. The coefficients are positive and significant for both incumbent and

new-hires, and the magnitudes of the breakthrough effects on the two groups are comparable.

This finding means that both incumbent and newly-hired inventors become more produc-

tive with higher intensity of breakthroughs. However, the additional productivity gains from

thick labor markets differ for two types of inventors. For patent outputs by incumbent inven-

tors, I find that the estimate of interest (Breakthrough x Thickness) is only 0.0037 in Column

(1) and 0.0019 without significance in Column (2), which indicates that incumbent inventors

in thick market only produce marginally more patents; when considering the quality of their

inventions, they perform indifferently from those in thin markets. While for patent outputs

by new-hire inventors, the productivity gains in thick labor markets are significantly positive

at the 1% level for both quantity and quality measures with sizable effects according to the

estimated coefficients (0.0121 and 0.0109, respectively). The coefficients imply that given a

breakthrough with an intensity equal to 1, which lies above the mean by precisely one stan-

dard deviation, an increase in market thickness by one standard deviation percent (1.744%)

leads to a 1.21 (1.09) percent increase in the number of patents (citations) produced by new-

hire inventors. That is, a 10% increase in labor market thickness is associated with about

7%(6%) increase in the quantity(quality) of patents produced by newly-hired inventors.

Another way to interpret the relative magnitudes is by comparing the estimated coef-

ficients with the mean values of dependent variables. The estimated coefficient 0.0037 (0)

represents a 1.29% (0%) change relative to the benchmark using the mean of the dependent

variable, 0.2878 (0.2673), for incumbent inventors. For new-hires, 0.0121 (0.0109) represents

a 5.75% (5.54%) change relative to the benchmark using the mean of dependent variable

0.2104 (0.1969). Similar and stronger results are found for recent new-hires. Remarkably,

the thick market effects on quantity and quality of patent outputs, 0.0076 and 0.0069, rep-
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resent 14.53% and 14.34% change relative to their benchmark.17

The fact that the estimates are small in magnitude and only marginally significant (or

even insignificant) for the patenting productivity by incumbent inventors casts serious doubt

on the potential benefits they could have gained if knowledge spillover were the key driving

mechanism. The results imply that knowledge isn’t so much “in the air.” In fact, the

boost in patent outputs following breakthroughs is most prominent for new-hire inventors

(especially the recent job hoppers), relative to their benchmark contributions, confirming

the productivity gains estimated in the previous analysis are attributed to newly-obtained

talent and suggesting inventors are allocated to labs that can better use their human capital

in the thick market. The results indicate that thick market effects work through human

capital mobility and reallocation.

Table 5: [INSERT TABLE HERE]

5.2 Enforceability of Non-Compete Agreements and Labor Mar-

ket Effects

To evaluate the extent to which inventor mobility explains the superior productivity gains

for R&D labs in thick labor markets, I leverage the state-by-industry level variation in the

use of non-compete agreements. The measure of non-competes enforceability used in this

paper combines the non-competes index capturing state-level variation in enforceability and

incidence scores of non-compete clauses by industry.

Non-compete agreements, usually specified in employment contracts, require employees

to refrain from joining a rival firm or starting a new venture that could compete with their

past employer. The ability of a labor market to reallocate workers is constrained by the use

of non-compete agreements(Marx, Strumsky, and Fleming (2009), Fallick et al. (2006), Starr

(2019), Jeffers (2019) and Johnson et al. (2020)), especially for skilled labor in knowledge-

intensive occupations. Thus the mobility of inventors with specialized skills may largely

depend on the extent to which non-compete agreements are enforceable.

The enforceability of the non-compete terms is governed by state statutes and case law. In

some states, non-competes clauses are viewed as overly restrictive on competition. They are

not enforceable or only enforced in limited circumstances. One typical example is California,

where non-compete agreements are considered null and void by courts. On the other extreme,

17Another concern is that new-hires may be more likely to select into technologies that have been shocked
by scienti�c breakthroughs in thick markets, which could account for these results. In an unreported table,
I separately examine the outputs in core and non-core technologies and �nd consistent results in both
technology categories.
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Florida allows extraordinary general skills training to be included in the list of protectable

interests of NCs and allows enforcement of such contracts even for employees who are laid off.

Most states employ reasonableness tests to evaluate the contract to balance the protection

needed by the employer and the harm done to the employee and society (Bishara (2011)).

Nevertheless, within the reasonableness structure, the approach and tools used by each court

vary materially, which creates considerable variation in the scope of NCs that are permitted

and enforced.

Building on seven dimensions of non-compete enforceability identified by Bishara (2011),18

Starr (2019) constructs a cross-sectional index of non-competes for 1991 and 2009. Figure 4

presents a map of the 2009 Noncompete Index by states,19 based on which the main measure

of enforceability of non-competes used in this paper is constructed.

Figure 4: Noncompete Index by States The �gure presents Noncompete Enforceability Index by Starr
(2019). A higher value of NCI indicates stronger enforceability of non-compete agreements in the state.
Table A1 summarizes the non-compete index for each state.

The enforceability of non-competes not only differs from state to state, but the way

they are employed differs widely across industries. I use industry scores in the incidence of

non-compete agreements that measure the probability of having a non-compete estimated

18The seven dimensions include the statute of enforceability, protectable interest, plainti�’s burden of
proof, consideration at inception, consideration post-inception, over-broad contracts and quit versus �re.

19The index is re-scaled to be non-negative. Table A1 summarizes the non-compete index for each state.
There is minimal variation in the index over time. Changes in enforceability NCs are only possible when the
legislature alters the statute, or new precedents are set by state supreme courts. Statistically, the correlation
coe�cient between the 1991 and 2009 index is 0.94 (Starr (2019)), re
ecting the fact that the extent to
which the state level change in the legal setting regarding non-compete enforcement is very limited during
the years.
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by Starr et al. (2021) using a large-scale nationally representative survey data.20 Figure 5

presents the incidence table by industry. It shows that non-compete clauses are common

in most industries and more frequent in certain high-skilled sectors including information,

professional and scientific services and mining and extraction.

Figure 5: Noncompete Incidence by Industry The �gure presents incidence of noncompetes by industry
based on Starr, Prescott, and Bishara (2021). The incidence of non-competes measures the probability of
having a non-compete estimated by Starr et al. (2021) using large-scale nationally representative survey
data.

Combining the state-level non-competes index in enforceability and industry-level inci-

dence scores, I take the product as a final measure of non-competes enforceability (NCE). I

further define a binary variable, 1fHighNCE=1g, indicating high enforceability of non-competes

when an R&D lab, based on its industry and location, is in the upper quartile in terms of

NCE distribution.

5.2.1 Innovation Outputs and Enforceability of Noncompetes. I begin by exam-

ining the impact of non-competes on innovation productivity following breakthroughs and

202014 survey by Starr, Prescott, and Bishara(Starr et al. (2021)) provides comprehensive evidence about
labor market prevalence of NCAs. They found that 18% of labor force participants are bound by non-
competes, with 38% having agreed to at least one in the past, and the clauses are much more frequently
used among professional and scienti�c workers. Besides, typically NC clauses include the time scope and
limitation on geographic boundaries. According to the survey, most non-compete agreements have a duration
of 2 years or less, while the geographic scope is more frequent with no geographic limitation then in the
entire country and then in the state, the three accounting for the vast majority cases.
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the interaction effects with labor market thickness.

First, I revisit the binned scatter plot presented in Figure 3. The graph shows initial

evidence that R&D labs in thick labor markets disproportionately produce more dispropor-

tionately more patents after scientific breakthroughs. Then, to investigate whether inventor

mobility can explain the thick market effects, I further divided labs into two groups based

on 1fHighNCE=1g, the indicator of high non-competes enforceability, shown in Figure 6. In

the technology-stable periods in which there are few scientific breakthroughs, the group with

high enforceability of non-competes in place shows a higher rate of patenting,21 though the

difference is modest. As the intensity of breakthroughs increases, the group of labs without

high NC begins to catch up and quickly surpass the high NE group. When there come above-

median breakthroughs, with an intensity larger than 2, the high NE group fails to respond

to the technological opportunities, showing a very limited boost in producing inventions. On

the other hand, the labs without enforced non-competes are able to keep improving their

innovation productivity, indicating the thick market effects found in Figure 3 are virtually

driven by the responses from labs enjoying the free movement of labor. Appendix Figure A1

shows the binned scatter plot for the innovation of R&D labs in thin LLM by the enforceabil-

ity of non-competes. It shows that labs in thin labor markets respond similarly regardless of

the non-competes, suggesting that any systematic difference by the use of non-competes in

innovation if exists, is very limited in thin markets. This finding suggests that what really

matters is the interplay between thick labor markets and the non-competes, not just the use

of non-competes in isolation.

In Table 6, I examine the effects of the interplay between labor market thickness and

the high enforceability of non-competes on labs’ innovation output following scientific break-

throughs in a regression setting specified below.

Yikcf;t =�1Bkthrk;(t�3;t�1) + �2Bkthrk;(t�3;t�1) � Thicknesscf;t�3

+ �3Bkthrk;(t�3;t�1) � Thicknesscf;t�3 � 1fHighNCEns=1g

+ �4Thicknesscf;t�3 � 1fHighNCEns=1g

+ �5Bkthrk;(t�3;t�1) � 1fHighNCEns=1g

+ Controlsikcf;t + FEs+ �ikcf;t (4)

By including LLM x year fixed effects, Breakthrough�Thickness captures cross-sectional
variation from labs in the same research field and commuting zones but encountering dif-

21The pattern is consistent with the positive relationship found in the existing literature between the use
of non-competes and knowledge intensity (or skill intensity) of industries (or occupations).

34



Figure 6: Innovation of R&D Labs in Thick LLM by Enforceability of Noncompetes. The �gure
shows the binned plots of innovation outputs (log number of patents) produced by R&D labs in a given year
and the intensity of scienti�c breakthroughs measured by the log number of technology-speci�c breakthroughs
in the past three years, conditioning only on application year e�ects. This plot corresponds to the regression
in Table 6 Column 1. The same sample is used, and variables in the x- and y-axis follow the same de�nitions.
Focusing on R&D labs in thick labor markets based on a median split of the labor market thickness, the labs
are further divided into two groups by 1fHighNCE=1g, the indicator of high non-competes enforceability.

ferent intensities of technology-specific breakthroughs. The estimation of Breakthrough �
Thickness � 1fHighNCE=1g and Thickness � 1fHighNCE=1g exploits the variation from labs

facing the same local labor market but in industries with various incidence of non-competes

clauses, and also the variation from labs in the CZ crossing state borders with different legal

treatment for non-competes. Any baseline differences in the patenting rate that may exist

across industries are already absorbed by industry fixed effects.

Table 6: [INSERT TABLE HERE]

The results in Columns (1) and (2) correspond to the first two columns in Table 4, in

which I examine the effect on the number of patents produced and the number of adjusted

citations received. The positive coefficients of the interaction term between breakthrough

and local labor market thickness, 0.0122 and 0.0102, indicate the consistency of thick market

effects on the quantity and quality of patent outputs. But with the high enforceability of non-

competes, the thick market benefits vanish. The magnitudes of the estimated coefficient on
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Breakthrough� Thickness� 1fHighNCE=1g are as large as -0.0162 and -0.0164 respectively.

Notice that the estimation of Thickness�1fHighNCE=1g is also negative, indicating an adverse

effect of enforced non-competes on innovation productivity of labs in thick labor markets,

which are exaggerated in the periods with great technological advances. Although the use

of non-competes itself may suggest a higher level of innovation, according to the positive

coefficients for 1fHighNCE=1g, the potential benefits associated with the use of NC, if any,

are far from enough to offset the costs for restricting labor mobility in the labor market of

some size. The thicker the labor market is, the larger the costs are, which are particularly

damaging with the outbreak of scientific advancement.

To trace back the source of the reduction, I re-examine the contribution of the incumbent

and new inventors with the use of non-competes in Columns (3) to (8) corresponding to

Table 5. The high enforceability of non-competes is consistently associated with significant

shrinkage in thick market effects. The NC-related reduction in patenting outputs is larger

for new hires. The contribution by new hires is curtailed by having NC in thick markets

regardless of breakthroughs; the contribution by recent new hires is further brought down by

having NC at the arrival of breakthroughs. Even for incumbents, focusing on Columns (3)

and (4), although the use of non-competes may help to retain talent, the outputs by existing

inventors can be lower than in the same market without non-competes in the periods with

positive scientific breakthroughs.

Across all types, the curtailing effects of high NCs work stronger on the quality of inven-

tions, suggesting that the restriction on human capital mobility not only reduces the like-

lihood of new inventions but also curbs the otherwise possible synergy between incumbent

workers and new hires. Impeding the inspiration and creativity from interactions reduces

the invention quality to a greater extent.

To help understand the economic interpretation of the results, I consider a numerical

example illustrated in Table 7. A thick labor market has Thickness 1.5 standard deviation

above an average market, representing a top 5% local labor market in terms of Thickness.

Also, I consider one scenario where non-competes are not strictly enforced (Column (1))

and another scenario where non-competes are in place (Column (2)). As a benchmark, an

average market without highly enforced non-competes is provided in the Column (3). Each

cell value represents the total effect on the quantity of patent produced, calculated as the

sum of all main effects and interaction effects based on coefficients estimated in Column (1)

of Table 6. Comparing two similarly thick markets, the high enforceability of non-competes

is positively associated with a high baseline innovation rate when very few breakthroughs

arrive. As the intensity increases, the labs in the thick market without restrictions on labor

mobility response very strongly to breakthroughs, while in the market with NCs, the increase
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in patenting is weaker. In fact, following a median wave breakthroughs, an average market

without NCs can promote labs’ innovation as good as a top 5% thick market with NCs.

R&D labs in the top 5% thick market could have enjoyed 60% (=0.012/0.0196) more boost

in patent productivity that would otherwise emerge without NCs.

Table 7: [INSERT TABLE HERE]

5.2.2 Inventor Turnover and Enforceability of Noncompetes. Prior studies have

established that non-competes depress mobility, in particular for the high-skilled labor. Since

I rely on the enforced non-compete agreements as a barrier to inventor mobility that tends to

be especially critical in times of technological breakthroughs, it is also important to establish

the validity in this particular setting by showing the scope and magnitude of non-competes

effects on turnover of inventors.

Variable Definition To calculate the inventor turnover, I combine two types of inventor

moves: onboarding and offboarding. Onboarding inventors follow the definition of new

hires used in the previous subsection. Inventor offboarding is defined as the case when the

associated assignee documented in patent records has changed, and the timing of the move

is proxied by the mid-year between two jobs. Similar to recent new hires, I define recent

leaves if the inventor’s first patent filed with a different lab is applied within three years of

the last patent filed with the current employer. Inventor turnover (recent moves) is then

calculated as the sum of inventors onboarding (recent new hires) and recent offboarding.

One limitation of this offboarding measure is that the end of an employment relationship is

only observed if the inventor moves to another innovative firm and files patents with the new

firm. As an alternative measure to define offboarding, I include cases where the inventor

has never filed patents with the associated firm for at least ten years. The broadly-defined

offboarding consists of both moves to other patenting firms and moves to non-patenting

firms (or positions). In these cases, the final invention project filed with a firm is viewed as

the last time an employee stays in the firm as an inventor. To determine the timing of the

leave, I use several measures, including the application year of the patent (which is closer

to the period of conducting R&D work) and the grant year of the patent (which is the time

when all the revises and responses to patent examiner are done), and three years after the

application year (which is the average timing of patent granting). The reported results are

based on the third measure of offboarding but these alternative measures yield consistent

empirical findings. Inventor turnover (all moves) is then calculated as the sum of inventors

onboarding (new hires) and offboarding.
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Table 8 Panel A presents the results on the estimated effects of labor market thickness

together with breakthroughs on inventor turnover using Equation 3. I look at turnover by

all moving inventors, regardless of where they come from and where they eventually de-

part, and then observe turnover by local inventors, which consist of new-hiring from other

local labs and departure to other local labs. Results show that the R&D labs affected by

scientific breakthroughs experience higher inventor turnover; the turnover stemming from

local mobility is also higher. The effects on inventor turnover are stronger for R&D labs in

thick labor markets. In terms of magnitudes, the estimates in Column (1) indicate that a

one-standard-deviation increase in breakthrough intensity is associated with a 3.1% turnover

increase. Considering labs located in thick labor markets, assuming the increase in break-

through intensity is coming from 0 (sample mean) to 1, increasing the labor market thickness

by one standard deviation percent (1.744%) leads to an additional 1.63 percent increase in

the turnover. The change is overwhelmingly driven by local inventor turnover. To address

concerns about the ambiguity of mobility timing, I again use the subset of inventors that

switched employers within recent three years to identify recent moves and results are re-

ported in Columns (3) and (4). The positive coefficients of the interaction term between

thickness and breakthrough are statistically significant at the 1% level with a comparable

magnitude as before. To summarize, following scientific breakthroughs, R&D labs in the

relevant technology class experience higher inventor turnover, particularly local turnover.

Table 8: [INSERT TABLE HERE]

To examine how labor mobility frictions created by NCs affect inventor mobility in the

context of breakthroughs, in Panel B of Table 8, I re-estimate the regressions on inventor

turnover with an indicator of high enforceability of non-competes using Equation 4. In

Columns (3) and (4), I again turn to the turnover resulting from recent moves.

All sorts of turnover for labs in thick labor markets are reduced significantly with high

NC enforceability. The additional higher turnover in thick markets following breakthroughs

also greatly shrink. The log turnover (local turnover) is 4%(8%) lower relative to a sample

mean of 0.4252(0.1415). The results are stronger for recent moves. The reduction in log

turnover (local turnover) from recent moves represents 9.77% (10.33%) of the sample mean

0.0901(0.06582) for an R&D lab with strongly enforced NCs, relative to another similar lab

in the same market but with low use of NCs. The results show that tighter restrictions on

labor mobility lead to insufficient inventor mobility, and the reduction rate is most severe

for recent moves within the locality. These results, combined with previous findings of

substantial declines in thickness effect on productivity gains when high NCA is in place,

support the theories that thick market effects work through inventor mobility.
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In an unreported table, I show non-competes reduce inventor turnover, mostly by making

it difficult for labs to obtain talent. But noncompetes also prevent the departure of incumbent

inventors, who could have been reallocated to another lab making the best use of the human

capital without the non-competes restrictions. To sum up, non-competes enforcement indeed

attenuates inventor mobility. Moreover, it decreases mobility more sharply for local inventor

turnover. The enforcement of non-compete clauses significantly impedes human capital

reallocation.

5.3 The Direction of Human Capital Reallocation: Leverage Vari-

ation in Exposure to Breakthroughs

To further establish the link between human capital allocation and productivity gains, I ex-

plore the cross-sectional variation in labs’ exposure to scientific breakthroughs to investigate

whether the direction of human capital mobility depends on labs’ exposure to technological

shocks and how the realization of productivity gains is associated with exposure.

Scientific breakthroughs create productivity shocks to R&D labs. Yet, these scientific

discoveries are not randomly distributed. Instead, labs’ exposure to a scientific breakthrough

is dependent on how relevant a discovery is to their research. A great degree of exposure

means that the lab has the necessary knowledge and technological background to understand

the scientific advance, to have the capacity to mobilize and apply the new knowledge, and to

integrate it into its research path to motivate sequential innovations. Thus, with a relevant

knowledge base and even the relevant kind of capital in place, more exposed labs have great

potential to successfully pivot off of technological opportunities.

Variable Definition To measure the lab-level exposure to scientific breakthroughs, I ex-

plore the extant knowledge base of the R&D lab when breakthroughs occurs, which consists

of all its existing patents filed in the past, fPitg. To quantify the technological relevance of

a certain breakthrough to a lab, I select the “closest” past invention as a representative of

the most relevant knowledge the lab can rely on. The closeness is measured by the similarity

of textual description between any patent of the lab and the breakthrough, according to the

text-based similarity score described in Section 2 for each pair of inventions. Thus, the lab

i’s exposure to the scientific breakthrough, b, is calculated as

Exposureit;b = max
pit� Pit

Similarity(pit; b)

To aggregate the exposure measure to the lab-year level, I take the average exposure to

all breakthroughs in the given year if the breakthrough wave contains multiple breakthrough
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inventions fBtg. For a focal lab i, the exposure to breakthroughs in a given year is measured

as,

Exposureit =
1

Bt

Bt∑
b=1

Exposureit;b

5.3.1 Exposure to Breakthroughs and Human Capital Reallocation. To study

how exposure to breakthroughs affects the direction of human capital allocation, I estimate

Equation 4 for the inflow of human capital measured by the onboarding and offboarding of

inventors. The results are presented in Table 9 Panel A.

Columns (1) and (2) show that a large exposure to scientific breakthroughs is associated

with substantial increases in onboarding inventors and moderate decreases in offboarding

inventors. Labs that are relatively less exposed to breakthroughs experience a higher outflow

of human capital. According to the estimated coefficients for Breakthrough � Exposure,

given a breakthrough with an intensity equal to 1, an increase in technological exposure

by one standard deviation (0.074) leads to 1.22% more new hires, that is, a 4.77% increase

relative to the sample mean of the dependent variable; also leads to 0.16% decrease in

inventor departure, 0.65% reduction relative to the sample mean. Results are consistent and

stronger when considering the turnover of tech-class matched inventors.

Labs are more likely to take in human capital and retain incumbents after experiencing

relevant breakthroughs. Furthermore, the lab is additionally better at bringing in talent if

located in thick labor markets. Focusing on the coefficients for Breakthrough� Thickness�
Exposure, an increase in market thickness by one standard deviation percent (1.744%)

is associated with an additional increases by 0.29% in the inflow of talent and by 0.25%

in the influx of tech-class matched talent, controlling for the intensity of breakthroughs.

Interestingly, the outflow of human capital is more negative for exposed labs in thick markets,

and thus they also are better at retaining talent. From the perspective of cross-sectional

comparisons, a lab that is favorably affected by scientific breakthroughs tends to acquire

human capital, and a lab least exposed to productivity shocks is associated with the outflow

of human capital. Thus, my findings suggest that strong exposure to breakthroughs and

access to thick local labor markets both help largely-exposed labs to “buy” assets, human

capital with specialized skills, from labs that are least or not treated by the productivity

shocks

Table 9 Panel A: [INSERT TABLE HERE]
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5.3.2 Exposure to Breakthroughs and Productivity Gains. The ex-ante measure

of exposure to breakthroughs is constructed to assess the potential of a lab to capture and

utilize technological opportunities. I then turn to examine whether the ex-ante potential is

realized ex-post, and whether the realization of innovation productivity gains is associated

with the labor market channel established in the previous section.

Panel B of Table 9 reports the estimated effects of scientific breakthroughs, lab-level

exposure to breakthroughs, and labor market thickness on the patent-based measures of

innovation outputs. The estimated coefficients for Breakthrough�Exposure show that fol-

lowing breakthroughs, exposed labs enjoy significant and positive gains in producing patents.

They generate more patents; the patents tend to be well-cited by subsequent work and

are more important. These positive effects are amplified by the labor market thickness.

According to the coefficient for Breakthrough � Thickness � Exposure in Column 1, a

one-standard-deviation (1.744%) increase in market thickness will add a 0.35% rise in the

number of patents filed, on top of the exposure-to-breakthrough effects, 0.51%. Also, R&D

labs exhibiting higher levels of ex-ante technological exposure to breakthroughs produce

patents that attract significantly more citations ex-post and are more likely to be important

inventions, confirming the thick market effects on patent quality.

Overall, my results confirm that the exposure measure indeed captures the innovation

potential induced by scientific breakthroughs. More exposed labs, effectively, are subject

to stronger productivity shocks. Labor market thickness substantially impacts corporate

innovation by drawing human capital, especially the tech-class matched inventors, to exposed

labs, which later show superior performance in producing more and better inventions. The

results are consistent with the theory that the additional innovation gains in thick labor

markets are realized through productivity-enhancing allocation of human capital to R&D

labs that have a higher potential to uptake the technological opportunities.

Table 9 Panel B: [INSERT TABLE HERE]

5.4 Characteristics of New Hires and Inventor Teams

The previous section examined the link between labs’ exposure to technological shocks and

the direction of human capital allocation. It showed that exposure is positively associated

with the inflow of human capital and the consequent innovation productivity. To shed light

on the precise mechanisms through which the newly-hired inventors in thick labor markets

lead to better performance, I investigate whether R&D labs and workers form better matches

in thick labor markets from two aspects, relevance in technologies used and in knowledge

background. Specifically, are labs in the thick labor market more likely to bring in inventors

41



working in the lab’s core technologies that experienced radical breakthroughs? Do newly-

hired inventors introduce unique knowledge to labs’ existing teams?

Existing work on labor markets have theorized the way that larger labor markets lead to

better job search outcomes because they give workers and firms more choice in potential jobs

or employees(Helsley and Strange (1990), Acemoglu (1997a), Moretti (2011) among others).

Research on idea-based growth models and theories of human capital accumulation have

proposed a knowledge-producing process as new ideas are generated from novel combina-

tions of existing varieties of ideas (Weitzman (1998)). One potential benefit of bringing in

new inventors with distinct knowledge backgrounds to a team is expanding the knowledge

base and integrating and combining those ideas. If a thick labor market can provide more

candidates with many sorts of backgrounds, then R&D labs may find inventors with a di-

versified knowledge base that encourages more innovative outputs. Unlike other empirical

studies on the worker-firm match that rely on indirect proxy for matching quality, there are

major methodological advantages when studying inventors and research labs. I can precisely

characterize the inventor-lab match by exploiting variation across detailed technology classes

and analyzing the rich information in patent applications that provide trackable footprints

of their knowledge base.

Variable Definition To quantify the match quality in terms of technologies a lab uses and

its onboarding inventors use, I rely on two measures. First, I calculate the percentage of on-

boarding inventors who exactly match the technology class of the lab j in the given year t, in

which case those inventors work in the same niche field as the lab, Tech9ClassMatchRateit.

Since inventors and labs could have experience in both core and other periphery technologies,

I calculate their overall technological proximity based on the method firstly used by Jaffe

(1986). It is a cosine distance between two vectors that capture the location of the focal lab

i and each newly-hired inventor h in the multidimensional technology space. An element in

the vector represents the loading proxied by patent shares in each technology class. So for

each newly-hired inventor, I have a vector of patent shares, denoted as Vh, and I have such

a vector Vi for the lab. Technological proximity between inventor h and lab i in a given year

t can be computed as:

Proximityit;ht =
(TitT

0

ht)

(TitT
0
it)

1=2(ThtT
0
ht)

1=2

Then I compare all newly-hired inventors’ average proximity with the focal lab in a given

year.

Technological Proximityit =
1

Hit

Hit∑
h=1

Proximityit;ht
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Hit is the total number of onboarding inventors in lab i and year t. The index ranges

between zero and one. A higher value indicates the new-hires are, on average “closer” to the

R&D lab in the technology space.

To investigate the likelihood that that newly-hired inventors will introduce new ideas

and broaden the existing knowledge base following a scientific breakthrough, I explore the

textual content in previous inventions and compare the similarity between labs and newly-

hired inventors in their stock of knowledge. The knowledge stock of an R&D lab in the

given year consists of its previously filed patents, fPitg; similarly, the knowledge stock of

each newly-hired inventor, fPhtg. I take the text-based similarity score described in Sec-

tion 2 for each patent pair Similarity(pit; pht) and calculate the average across all pairs to

get a measure of knowledge overlapping between an onboarding inventor h and the lab i,

KnowledgeOverlappingit;ht. The average knowledge overlapping between newly-hired in-

ventors and the focal lab in a given year is measured as,

KnowledgeOverlappingit =
1

Hit

Hit∑
h=1

KnowledgeOverlappingit;ht

Results I estimate Equation 3 for Tech9ClassMatchRateit, Technological Proximityit

and KnowledgeOverlappingit that measure characteristics of new hires, conditional on the

number of onboarding inventors is positive. Results are presented in Table 10. I find that

following scientific breakthrough, R&D labs in thick labor markets can bring in more tech-

matched inventors. According to the estimated coefficient for Breakthrough xThickness

in Column (1), given a breakthrough with an intensity equal to 1, an increase in market

thickness by one standard deviation percent (1.744%) leads to 1.98% more tech-matched

new hires, that is, a 4% increase relative to the average matching rate(48.72%). Results are

consistent with Column (2) on technological proximity. Considering the experience in any

tech classes, the new-hires in the thick labor market are closer to labs in the technology

space.

Column (3) answers whether newly-hired inventors are more likely to introduce unique

knowledge to labs’ existing teams. By construction, inventors that had filed patents before

her joining the focal labs will inevitably receive a zero similarity score with the lab. Thus

I control the composition of new hires by counting the number of fresh new inventors and

experienced inventors. Although Breakthroughs are not necessarily associated with diver-

sified hiring, labs in the thick market following breakthroughs do bring in people with more

dissimilar knowledge bases relative to a comparable lab in the thin market.22 Match with

22The results are consistent when I repeat the test on knowledge overlapping for a subsample of experienced
new hires.
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inventors with a closer technological focus but with a non-overlapping knowledge base. In a

word, new hires in thick labor markets are more likely to match the specific tech class of the

labs, closer to the technology space, and have a more diversified knowledge background.

Table 10: [INSERT TABLE HERE]

5.5 Section Summary

To sum up, Section 5 provides evidence consistent with the theory that thick labor markets

encourage innovation by facilitating productivity-enhancing allocation of human capital. By

showing the results on productivity gains by inventor type and by the use of non-compete

clauses, I do not necessarily to downplay the role of knowledge diffusion. On the other

hand, my results emphasize the underlying mechanism for potential externalities arising

from knowledge spillovers. In the context of utilizing technological breakthroughs, the ben-

efits from knowledge spillovers are eventually realized through a market-based channel, the

mobility of skilled labor across firms.

Put differently, the creation of new ideas and technologies certainly creates significant

externalities. Knowledge spills over, being used as inputs for sequential inventions, the

benefits from which are better captured by R&D labs in thick markets in the setting of

scientific breakthroughs. Thick labor markets facilitate the allocation of human capital to

R&D labs that are more favorably affected by productivity shocks. When meeting the

demand for talent, thick labor markets also help labs to bring in inventors working in the

same tech niche and carrying diverse knowledge bases. In this regard, the mobility of workers

acts as a vehicle for local spillovers.

The results also shed light on how the use of non-compete clauses can limit the scope for

technology diffusion. The legal enforceability of non-compete agreements places constraints

on how much research facilities can take advantage of technological advances that would

otherwise emerge. The use of innovation inputs-human capital- not in its most productive

mode could extensively sweep the thick market benefits.

6 Discussion

6.1 Baseline Specification with Additional Controls

In section 4, I investigate the extent to which R& D labs’ responses to technological shocks are

dependent upon their pre-determined labor market conditions. I emphasize the importance

of labor mobility by examining the enforceability of non-compete agreements in Section 5.
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In the main specification with LLM x year fixed effects, I reply on cross-sectional variation

from similar labs in the same research field and commuting zones but experienced differential

productivity shocks during the same time window to minimize selection concerns. In this

section, I consider a variety of additional controls to narrow down the comparison groups

further.

Labs in the early stage of their life cycle might have a different innovation rate from the

labs in the later stage. According the life-cycle differences in productivity might vary across

research fields. To address the potential bias arising from the age effect, I classify each lab into

by 5-Year age cohorts. By including the LLM � Age cohort fixed effects, I compare labs in

the same research field and at the same life cycle. Innovation rate might differ in lab size, and

more importantly, the enforceability could have a differential influence on labs with different

sizes. For example, non-competes disproportionately hurt small firms disproportionately

because they tend to be more constrained and lack the scale to enforce the agreements,

while large firms have more resources to train new workers and retain their talents (Kang and

Fleming (2020)). Thus, I divide labs into size cohorts based on their employment and include

the LLM � Size cohort fixed effects. The internal labor market is the alternative channel

by which labs can utilize human capital resources. Labs that operate as the solo research

facility of the firm can only rely on external labor markets. The dependence of single-market

labs on the local labor market might generate selections. To alleviate the concerns, I include

LLM � SingleMarket Lab fixed effects. Besides, access to finance remains an essential

aspect of the innovation capacity. There has been ample evidence that venture capital has a

substantial impact on innovation. VC-backed firms can leverage the ecosystem of innovation

established by VC and present superior performance. What’s more, venture capital investors

tend to be technology-specific, and powerful venture capital investors with large stakes can

shape the direction of technological development(Lerner and Nanda (2020)). Thus, to solve

the selection issues that arise from the incidence of VC financing and the interplay with the

research field, I identify labs that belong to VC-backed firms and compare similar labs in

terms of their VC status in the same field by using LLM � V C fixed effects. Lastly, to

further narrow down the comparison between labs similar along the dimensions described

above, I use the fixed effects accommodating the interactions among all these factors.

The results are presented in Table 11. I first re-examine the effect of thick labor markets

on patent outputs, including the number of total patents and the important patents a lab

produces, and inventor turnover following scientific breakthroughs with the additional fixed

effects. Then I study whether these effects survive with the enforced non-compete agree-

ments. The results are consistent with baseline findings. Across all specifications, despite

these narrower comparison groups, I continue to find the thick market effects on innovation
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productivity and inventor turnover after breakthroughs, which are only profound without

high enforceability of non-competes. The estimated effects are similar in magnitude to the

baseline results found in previous sections. Although it’s hardly the case that labs randomly

enter into a local market, these results assure that it is unlikely that the selection issue would

crowd out the thick labor market effects.

Table 11: [INSERT TABLE HERE]

6.2 Geography of Scientific Breakthroughs and Distant Shocks

In section 3, it is argued that the arrival of innovations is random and breakthroughs that

depart significantly from existing technology are unexpected by construction. The results

in Table 3 valid the idea of technological shocks in that scientific breakthroughs lead to

growth in corporate innovation, not the other way around. Yet, it might be a concern

that the spatial distribution of scientific breakthroughs is uneven. For example, suppose

the locations of universities and other public research institutes that create breakthrough

innovations overlap with the sites of corporate innovations. In such a case, the productivity

gains might be attributed to the direct impact of the local university on labs. Firms could

get access to nearby universities for advice, research, and students(Adams (2002)), in which

case the estimated thick market effects are biased.

First, to examine the extent to which the origins of scientific breakthroughs overlap with

corporate innovation, I plot the geographic distribution of breakthroughs and corporate

patents by commuting zones on the same map, shown in Figure 7. The size of the circles

represents the shares of innovations in each type. Breakthroughs and corporate patents

populate commonly in the same areas, such as, Boston, the Bay Area and Seattle; while in

many other regions, breakthroughs and corporate patents distribute differently. For example,

many places in the Mideast and Midwest witnesses a large share of scientific breakthroughs

but fewer industrial innovations, while North-Eastern region in general has a more robust

performance in developing technologies patented by firms in the private sector. The discrep-

ancy alleviates the concerns that the immediate impact of local public research drives the

effects found in previous sections.

To further filter out the effects of the universities and other public research institutes on

local innovation, I separate the breakthrough innovations based on their original locations.

Specifically, I identify whether breakthroughs are generated by a within-state entity or out-

of-state entity relative to focal labs. By focusing on the out-of-state breakthroughs and the

interaction between local labor markets and distant shocks, the estimated effects are free
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Figure 7: Geographic Distribution of Scientific Breakthroughs and Corporate Patents. The �gure
presents the spatial distribution of scienti�c breakthroughs and corporate patents from 1981 to 2010. Both
are based on inventors’ shares by commuting zones. The size of the circles represents the shares of innovation
in each type. Innovation location is determined by the inventor’s address listed on the patent application.
When multiple inventors are associated with one application, each inventor’s commuting zone receives a
share of the patent.

from the bias due to co-location. The results are presented in Table 12. Controlling for in-

state breakthroughs and its interaction with the labor market, the labs in thick local labor

markets still disproportionately benefit from technological shocks originating from distant

areas. Meanwhile, the productivity gains are more strongly reflected into patent quality,

measured by the number of important patents.23. Labs also have higher (local) inventor

turnover following distant shocks. The thick market effects are driven by labs that are not

subject to high enforceability of noncompetes, consistent with the findings in Section 5

Table 12: [INSERT TABLE HERE]

6.3 First-Wave Scientific Breakthroughs and Historical Measure

of Thickness

The baseline analysis exploits a cross-sectional comparison across comparable R&D labs

that experienced differential productivity shocks during the same time window. It exam-

ines whether the responses to breakthroughs depend on the pre-determined labor market

23Additional tests on patent citations support the same results.
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conditions evaluated by the start of breakthroughs. Yet, if the benefits from previous break-

throughs are cumulatively collected into recent labor market conditions, for example, by

attracting talent with relevant expertise who are likely to stay in the locality even after the

technology boom, then using the thickness measure evaluated at the beginning of later wave

of breakthroughs to estimate thick market effects might result in biased estimates, although

the direction of the bias is a priori unclear. It is possible that talent drawn by previous

scientific breakthroughs stay in the same tech niche and thus have a favorably long-lasting

effect on today’s innovation by labs in the same tech class. On the other, it is also possible

that the talent spill over to other tech niches that will serve as the comparison group in later

waves so that the innovation “benchmark” in the local labor market becomes higher. To

address this potential issue, I switch to using the historical measure of local market thickness

and focusing on the first-wave scientific breakthroughs in each technology class.

I define a “technology year of emergence” as the first year when the annual count of

breakthrough innovations attains 25% of its historical maximum, which is the peak year of

breakthroughs in the technology class across 1981 to 2010. Since it takes two to three years

on average for corporate labs to materialize the potential impacts of scientific breakthroughs,

I base on the main Model 3 and modify the specification as below.

Yikcf;t =�1Bkthrk;(t�3;t�1) + �2Bkthrk;(t�3;t�1) � Thicknesscf;t�10

+ Controlsikcf;t + FEs+ �ikcf;t (5)

Where t represents the focal year to assess labs’ innovation outputs, and the measure of

labor market thickness is based on spatial distribution of technology-specific inventors ten

years ago. The three-year window to calculate Bkthrk;(t�3;t�1) starts from the “technology

year of emergence.” After a technology class is hit by the first-wave breakthrough shocks, it

will be excluded from the sample afterward. Thus, the comparison is always made between

labs in the technology that has not been affected by any breakthroughs and same-field labs

that experienced the first unexpected technological shock. Table 13 reports regression re-

sults evaluating the differential effect of first-wave scientific breakthroughs depending on the

historical labor market thickness on patenting activities and inventor turnover in corporate

R&D labs generated from the first-shock sample instead of the full sample.

Table 13: [INSERT TABLE HERE]

The results show that the first-wave of breakthroughs has a strong impact on corporate

innovation. Both the estimations of coefficients on breakthroughs and the interaction term
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are significantly positive and have sizable magnitude. On average, a one-standard-deviation

increase in the breakthrough intensity would lead to labs producing 8.46% more patents

and 6.28% more important patents. Given the same level of breakthroughs, a one-standard-

deviation increase in historical labor market thickness leads to a 3.19% and 2.33% additional

growth in the patent outputs, respectively. Consistent as the baseline, the productivity gains

in thick markets are overwritten by the curtailing effects of noncompetes. The role of labor

mobility is confirmed by checking the responses in labor turnover. The coefficients estimated

from the “clean” shocks suggest a stronger effect of first-wave breakthroughs, indicating the

thick market effects found in the main section are unlikely to be overstated.

6.4 Within Lab Analysis of Thick Market Effects and the Labor

Mobility Channel

The baseline estimates in the previous analysis are based on cross-sectional comparisons

between “affected” labs in the relevant technical domain that are simultaneously shocked by

breakthroughs in a given year and similar labs that experienced no breakthroughs during

the same time window. Another way to look into the question is to conduct a within-lab

analysis utilizing the longitudinal structure of the data. With lab fixed effects, I exploit the

time-series variation in which I compare innovative output within the same R&D lab that

experienced differential breakthroughs shocks in different years and estimate the interaction

of labor market thickness with breakthrough effects. While the identification of within-lab

estimates relies on sufficient variation in the intensity of breakthroughs that a lab experience

during its life cycle, the advantage of this method is that any unobserved heterogeneity in

innovation productivity due to lab selection is absorbed by lab fixed effects. To account for

unobservable location characteristics, research field-wide shocks, and economy-wide shocks,

I include CZ fixed effects, research field fixed effects and year fixed effects respectively.24

Table 14 presents the within-lab results.25 Panel 1 focuses on the effects on innovation

outputs and lab size growth. Comparing the same lab in the years following strong scien-

tific breakthroughs with the years without technological shocks, labs produce more patents,

receive more citations and create more technological important inventions following break-

throughs. Moreover, the interaction term between Breakthrough and local labor market

Thickness is statistically significant at the 1% level, indicating that the strength of reaction

to breakthroughs strongly depends on the local labor market. On average, a one-standard-

deviation increase in the breakthrough intensity would lead to labs producing 2.22% more

24Within-lab results remain robust when I include all pairwise �xed e�ects, CZ � Y ear FE,
ResearchF ield � Y ear FE and CZ � ResearchF ield FE.

25Additional results can be found in Appendix Table A2.
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patents and 3.52% more important patents. Given the same level of breakthroughs, a one-

standard-deviation increase in labor market thickness leads to a 1.61% and 1.02% additional

growth in the patent outputs, respectively. Besides, it shows that labs grow substantially

more in both total employment and payroll per employment, indicating labs become more

extensive and more human capital intensive, particularly in thick markets, after technolog-

ical shocks. Panel 2 studies the mechanism of labor mobility from the perspective of labs.

Specifically, focusing on the direction of human capital mobility within a lab, I investigate

whether the inflow and outflow of talent depend on the breakthrough intensity and labor

market conditions. More inventors are joining and successfully filing a patent with a lab after

more significant breakthrough shocks, and the effects are magnified in thick labor markets.

Meanwhile, the outflow of inventors is negatively related to the intensity of breakthroughs,

and the relationship is more substantial in thick labor markets as well. The effects hold

strongly for the flows of tech-class matched inventors.

Overall, the within-lab results show that thick market effects on innovation productivity

hold in the selection-free within-lab analysis. Results on labor mobility indicate that thick

labor markets help lab to streamline the inventor team in the technological downturns and

acquire human capital when the demand for talent increases after breakthroughs create new

innovation opportunities.

Table 14: [INSERT TABLE HERE]

7 Conclusion

By investigating how R&D labs benefit differently from unexpected scientific breakthroughs

depending on labor market thickness, I show how labor mobility in thick labor markets facil-

itates the reallocation of human capital to more productive uses. I contribute to the growing

literature on local agglomeration spillovers by distinguishing between the reallocation of hu-

man capital and potential spillovers of knowledge. While the spillovers of “knowledge in the

air” cannot explain the thick market effects documented in this paper, labor mobility may

foster spillovers of “knowledge embedded in the people.” I find that labs tend to bring in new

hires who have a distinct knowledge base from incumbents. I also find that productivity of

incumbent inventors declines when NCs compress labor mobility, suggesting the mobility of

talent also acts as a vehicle for productivity spillovers to incumbents following technological

breakthroughs. Overall, the productivity-enhancing reallocation of human capital in thick

labor markets speaks to the statement, “Invention creates spillovers whose value is not in-

corporated into market prices... Inventor mobility is one source of this spillover” (Bryan and
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Williams (2021)). Further research on reallocation of unskilled workers and skilled workers

other than inventors would also be a useful supplement to this study.

Distinguishing between the reallocation of human capital and spillovers of “knowledge in

the air” is important because the two mechanisms lead to different policy implications. They

include but are not limited to the effects of non-compete agreements and other restrictive

covenants. For example, the labor reallocation channel, which is more consistent with my

results, suggests that the use of non-compete clauses should be more strictly regulated. In

particular, when technology is booming, the costs of restraining labor mobility outweigh

the benefits of protecting intellectual property and thus negate the advantages of innovation

clusters. On the other hand, the cost to innovative firms in terms of seizing technologi-

cal opportunities is lower if they obtain the most agglomeration benefits from spillovers of

“knowledge in the air.” In addition, how agglomeration of human capital promotes innova-

tion speaks to the work-from-home debate. If “knowledge in the air” is the key innovation

catalyst in a talent cluster, then remote work could be more counter-productive than ex-

pected because it largely prohibits knowledge diffusion through social interactions. Taken

together, understanding these mechanisms is crucial for the design of innovation policies in

promoting technology hubs, given policymakers’ interest in creating the next Silicon Valley.
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8 Figures

Figure 1: Geographic Distribution of Patent-Weighted Inventors. The �gure presents the spatial
distribution of inventors weighted by shares of patents �led by US companies from 1981 to 2010. The size of
the pink circles represents the shares of patent-weighted inventors by commuting zones. I assess innovation
hot spots in accordance with inventors’ addresses listed on patents. When multiple inventors are associated
with one application, each inventor’s commuting zone receives a share of the patent. By comparison, the
average manufacturing employment shares by commuting zones are plotted with blue circles. Compared
with 12% of commuting zones contributing to 75% of manufacturing employment, 5% of commuting zones
accounting for over 75% of patent-weighted inventors suggests that economic forces linked to agglomeration
of innovation appear even more localized.
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Figure 2: Empirical Strategy: Exploit Cross-Sectional Variation Within Local Labor Markets
The �gure illustrates the main empirical strategy. A local labor market is de�ned as Commuting Zone �
ResearchF ield. This �gure depicts two LLMs of a research �eld, Computers&Communications.
Within the �eld, there are di�erent technology classes, illustrated by three examples, CloudStorage,
Bioinformatics and AI Computing. In a given year, a certain technology class, i.e., AI Computing can be
shocked by scienti�c breakthroughs. Using CZ�research field�year �xed e�ects, the estimation of break-
through e�ects relies on the cross-sectional comparison between R&D labs in AI Computing and una�ected
labs in other classes within the same research �eld. The thick market e�ects estimate the extent to which
such comparison depends on local labor market thickness (dark blue vs. light blue).
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Figure 3: Innovation of R&D Labs by Thick LLM. The �gure shows the binned plots of innovation
outputs (log number of patents) produced by R&D labs in a given year and the intensity of scienti�c
breakthroughs measured by the log number of technology-speci�c breakthroughs in the past three years,
conditioning only on application year e�ects. This plot corresponds to the regression in Table 4 Column 1:
The same sample is used, and variables in the x- and y-axis follow the same de�nitions. R&D labs are sorted
into thick and thin local labor markets based on a median split of the labor market thickness.

54



Figure 4: Noncompete Index by States The �gure presents Noncompete Enforceability Index by Starr
(2019). A higher value of NCI indicates stronger enforceability of non-compete agreements in the state.
Table A1 summarizes the non-compete index for each state.

Figure 5: Noncompete Incidence by Industry The �gure presents incidence of noncompetes by industry
based on Starr, Prescott, and Bishara (2021). The incidence of non-competes measures the probability of
having a non-compete estimated by Starr et al. (2021) using large-scale nationally representative survey
data.
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Figure 6: Innovation of R&D Labs in Thick LLM by Enforceability of Noncompetes. The �gure
shows the binned plots of innovation outputs (log number of patents) produced by R&D labs in a given year
and the intensity of scienti�c breakthroughs measured by the log number of technology-speci�c breakthroughs
in the past three years, conditioning only on application year e�ects. This plot corresponds to the regression
in Table 6 Column 1. The same sample is used, and variables in the x- and y-axis follow the same de�nitions.
Focusing on R&D labs in thick labor markets based on a median split of the labor market thickness, the labs
are further divided into two groups by 1fHighNCE=1g, the indicator of high non-competes enforceability.
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Figure 7: Geographic Distribution of Scientific Breakthroughs and Corporate Patents. The �gure
presents the spatial distribution of scienti�c breakthroughs and corporate patents from 1981 to 2010. Both
are based on inventors’ shares by commuting zones. The size of the circles represents the shares of innovation
in each type. Innovation location is determined by the inventor’s address listed on the patent application.
When multiple inventors are associated with one application, each inventor’s commuting zone receives a
share of the patent.
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9 Tables
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Table 1: Local Labor Markets
This table lists top ten local labor markets by Thickness, evaluated in year 2000. Thickness is the natural logarithm of total inventors
in the research �eld x CZ in a given year. Only the main counties in the commuting zones are presented for the sake of saving space.

Top Ten Thick Labor Markets Across Research Fields, 2000
Main Counties in the Commuting Zones ThicknessMain Counties in the Commuting Zones Thickness

Research Field: Human Necessitates Research Field: Transporting (Performing Operations)
Los Angeles-Long Beach-Glendale, CA 8.03 Detroit-Livonia-Dearborn, MI 7.87
Cambridge-Newton-Framingham, MA 7.71 Los Angeles-Long Beach-Glendale, CA 7.58
New York-Wayne-White Plains, NY-NJ 7.61 Chicago-Naperville-Joliet, IL 7.41
Minneapolis-St. Paul-Bloomington, MN-WI 7.56 Minneapolis-St. Paul-Bloomington, MN-WI 7.12
Oakland-Fremont-Hayward, CA 7.51 Cambridge-Newton-Framingham, MA 6.97
Chicago-Naperville-Joliet, IL 7.34 New York-Wayne-White Plains, NY-NJ 6.84
San Jose-Sunnyvale-Santa Clara, CA 7.3 Bridgeport-Stamford-Norwalk, CT 6.81
New York-Wayne-White Plains, NY-NJ 7.16 San Jose-Sunnyvale-Santa Clara, CA 6.66
Philadelphia, PA 6.96 Bu�alo-Cheektowaga-Tonawanda, NY 6.66
San Diego-Carlsbad-San Marcos, CA 6.94 Oakland-Fremont-Hayward, CA 6.66
Madison, WI 5.38 Saginaw-Saginaw Township North, MI 5.25
Fort Worth-Arlington, TX 5.38 Indianapolis, IN 5.25
West Palm Beach-Boca Raton-Boynton Beach, FL5.37 Sacramento{Arden-Arcade{Roseville, CA 5.2
Edison, NJ 5.29 Tampa-St. Petersburg-Clearwater, FL 5.16
Kansas City, MO-KS 5.29 Albany-Schenectady-Troy, NY 5.16
Richmond, VA 5.17 Madison, WI 5.14
San Antonio, TX 5.08 Fort Worth-Arlington, TX 5.13
Santa Barbara-Santa Maria-Goleta, CA 5.03 Austin-Round Rock, TX 5.08
Canton-Massillon, OH 5.01 Lancaster, PA 5.06
Lancaster, PA 5 West Palm Beach-Boca Raton-Boynton Beach, FL 5.05

Research Field: Chemistry Research Field: Textiles (Paper)
New York-Wayne-White Plains, NY-NJ 7.93 Atlanta-Sandy Springs-Marietta, GA 4.74
Cambridge-Newton-Framingham, MA 7.71 Appleton, WI 4.47
Oakland-Fremont-Hayward, CA 7.68 New York-Wayne-White Plains, NY-NJ 4.11
Philadelphia, PA 7.61 Greenville, SC 4.09
Chicago-Naperville-Joliet, IL 7.27 Charlotte-Gastonia-Concord, NC-SC 4.06
San Diego-Carlsbad-San Marcos, CA 7.11 Philadelphia, PA 4.06
Houston-Baytown-Sugar Land, TX 7.07 Albany-Schenectady-Troy, NY 3.97
Los Angeles-Long Beach-Glendale, CA 7.04 Raleigh-Cary, NC 3.93
Bridgeport-Stamford-Norwalk, CT 7.01 Richmond, VA 3.89
San Jose-Sunnyvale-Santa Clara, CA 7.01 Cambridge-Newton-Framingham, MA 3.89
Edison, NJ 5.08 Pittsburgh, PA 2.56
Des Moines, IA 5.08 Allentown-Bethlehem-Easton, PA-NJ 2.56
Tulsa, OK 5.06 Lancaster, PA 2.56
Canton-Massillon, OH 4.95 Milwaukee-Waukesha-West Allis, WI 2.56
Providence-New Bedford-Fall River, RI-MA 4.91 Washington-Arlington-Alexandria, DC-VA-MD-WV2.48
Lancaster, PA 4.87 Dallas-Plano-Irving, TX 2.48
Portland-Vancouver-Beaverton, OR-WA 4.87 Winston-Salem, NC 2.4
Kalamazoo-Portage, MI 4.83 Charleston-North Charleston, SC 2.4
Manchester-Nashua, NH 4.81 Athens-Clarke County, GA 2.4
Poughkeepsie-Newburgh-Middletown, NY 4.79 Canton-Massillon, OH 2.4
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Table 1 (Continued)

Main Counties in the Commuting Zones Thickness Main Counties in the Commuting Zones Thickness

Research Field: Constructions Research Field: Mechanical Engineering
Houston-Baytown-Sugar Land, TX 6.9 Detroit-Livonia-Dearborn, MI 7.28
Los Angeles-Long Beach-Glendale, CA 5.94 Los Angeles-Long Beach-Glendale, CA 6.89
Detroit-Livonia-Dearborn, MI 5.52 Chicago-Naperville-Joliet, IL 6.39
Chicago-Naperville-Joliet, IL 5.42 Bridgeport-Stamford-Norwalk, CT 6.19
Dallas-Plano-Irving, TX 5.33 Cambridge-Newton-Framingham, MA 6.06
Minneapolis-St. Paul-Bloomington, MN-WI5.14 Minneapolis-St. Paul-Bloomington, MN-WI5.99
Cambridge-Newton-Framingham, MA 4.84 Houston-Baytown-Sugar Land, TX 5.86
Denver-Aurora, CO 4.84 Cincinnati-Middletown, OH-KY-IN 5.63
Oakland-Fremont-Hayward, CA 4.82 New York-Wayne-White Plains, NY-NJ 5.61
Bridgeport-Stamford-Norwalk, CT 4.75 Bu�alo-Cheektowaga-Tonawanda, NY 5.61
Manchester-Nashua, NH 3.66 Portland-Vancouver-Beaverton, OR-WA 4.52
Oklahoma City, OK 3.64 Raleigh-Cary, NC 4.47
Kansas City, MO-KS 3.58 Saginaw-Saginaw Township North, MI 4.42
Provo-Orem, UT 3.58 Tulsa, OK 4.42
Baltimore-Towson, MD 3.47 Austin-Round Rock, TX 4.39
Lancaster, PA 3.47 Fort Worth-Arlington, TX 4.39
San Antonio, TX 3.43 Salt Lake City, UT 4.39
Albany-Schenectady-Troy, NY 3.4 Kalamazoo-Portage, MI 4.38
Rockford, IL 3.4 Fort Wayne, IN 4.37
Tampa-St. Petersburg-Clearwater, FL 3.37 Toledo, OH 4.32

Research Field: Computers & Communications (Physics)Electricity
San Jose-Sunnyvale-Santa Clara, CA 8.93 San Jose-Sunnyvale-Santa Clara, CA 8.75
Oakland-Fremont-Hayward, CA 8.31 Los Angeles-Long Beach-Glendale, CA 8.04
Cambridge-Newton-Framingham, MA 8.17 Oakland-Fremont-Hayward, CA 7.97
Los Angeles-Long Beach-Glendale, CA 8.08 Cambridge-Newton-Framingham, MA 7.88
Seattle-Bellevue-Everett, WA 7.82 New York-Wayne-White Plains, NY-NJ 7.7
New York-Wayne-White Plains, NY-NJ 7.56 Chicago-Naperville-Joliet, IL 7.66
Austin-Round Rock, TX 7.53 Dallas-Plano-Irving, TX 7.55
New York-Wayne-White Plains, NY-NJ 7.48 San Diego-Carlsbad-San Marcos, CA 7.17
Bu�alo-Cheektowaga-Tonawanda, NY 7.42 New York-Wayne-White Plains, NY-NJ 7.11
Minneapolis-St. Paul-Bloomington, MN-WI7.38 Phoenix-Mesa-Scottsdale, AZ 7.06
Providence-New Bedford-Fall River, RI-MA5.65 Allentown-Bethlehem-Easton, PA-NJ 5.53
Edison, NJ 5.59 York-Hanover, PA 5.51
Santa Barbara-Santa Maria-Goleta, CA 5.58 Palm Bay-Melbourne-Titusville, FL 5.49
Cincinnati-Middletown, OH-KY-IN 5.55 Providence-New Bedford-Fall River, RI-MA5.48
Albuquerque, NM 5.47 Orlando, FL 5.45
Fort Worth-Arlington, TX 5.43 Colorado Springs, CO 5.45
Colorado Springs, CO 5.41 Fort Collins-Loveland, CO 5.4
Columbus, OH 5.35 Binghamton, NY 5.39
Orlando, FL 5.3 Albuquerque, NM 5.29
Indianapolis, IN 5.27 Santa Barbara-Santa Maria-Goleta, CA 5.24
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Table 2: Summary Statistics
This table reports the estimated e�ects of scienti�c breakthroughs, lab level exposure to breakthroughs and the
interplay with labor market thickness on the direction of human capital allocation in Panel A and patent-based
innovation outputs in Panel B. The unit of observation is a lab-year. Panel C presents the distribution of R&D labs
across �elds. The unit of observation is a lab. All estimates are from the regression of quarterly mutual fund 
ows
on prior-quarter activeness measure, fund returns, and controls. Standard errors are clustered at the LLM-year
level. Stars denote standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1, respectively).

Panel A : Patent Measures

Observations Mean Std Dev

Log(Patents) 710000 0.4019 0.7865

Log(Citations) 710000 0.3729 0.8421

Log(Core Patents) 710000 0.3142 0.6852

Log(Core Citations) 710000 0.2912 0.7368

Log(Noncore Patents) 710000 0.1789 0.5278

Log(Noncore Citations) 710000 0.1621 0.5568

Log(Top-Cited Patents) 710000 0.09844 0.3714

Log(Important Patents) 710000 0.07438 0.3467

Log(Exploratory Patents) 710000 0.327 0.7491

Log(Exploitative Patents) 710000 0.1045 0.3236

Panel B : Patent Measures Correlation Matrix

Top-Cited Important Cites Core Cites Noncore Cites Exploratory

Log(Important Patents) 0.6507

Log(Citations) 0.8673 0.6391

Log(Core Citations) 0.8423 0.6337 0.9406

Log(Noncore Citations) 0.7583 0.6038 0.793 0.604

Log(Exploratory Patents) 0.7269 0.6786 0.8683 0.8114 0.7649

Log(Exploitative Patents) 0.2629 0.1317 0.4113 0.4146 0.1814 0.167

Panel C: Distribution of R&D Labs Across Research Fields

Research Field Percent N(Rounded)

Human Necessitates 17.19

Transporting (Performing Operations) 18.66

Chemistry 10.58

Textiles (Paper) 1.027

Constructions 4.567

Mechanical Engineering 7.79

Computers & Communications (Physics) 24.05

Electricity 16.14

Total 100 80000
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Table 2 (Continued)

Panel D: Lab Characteristics
Observations Mean Std Dev

Lab Size 710000 4.221 1.92
Firm Size 710000 6.501 3.168
Age 710000 21.21 9.111
Internal Labor Market 710000 23.15 38.65
Single-Market Lab 710000 0.4306 0.4952
Innovation Experience 710000 0.5351 0.9021
Exploratory Experience 710000 0.9659 1.319
Exploitative Experience 710000 0.5399 0.7934
Log(Pay/Emp)t+1 710000 4.084 2.052
Log(Emp)t+1 710000 3.779 1.037
1fStar(TopCited)t;t+5=1g 710000 0.02974 0.1699

1fStar(Important)t;t+5=1g 710000 0.0215 0.145

Exposure 710000 0.02307 0.07368

Panel E: Inventor-Related Measures
Observations Mean Std Dev

Log(Patents by Incumbents) 710000 0.2878 0.6776
Log(Citations by Incumbents) 710000 0.2673 0.7216
Log(Patents by New-Hires) 710000 0.2104 0.5352
Log(Citations by New-Hires) 710000 0.1969 0.5797
Log(Patents by Recent New-Hires) 710000 0.0523 0.2456
Log(Citations by Recent New-Hires) 710000 0.04811 0.2682
Log(Turnover) 710000 0.4252 0.7714
Log(Local Turnover) 710000 0.1415 0.4223
Log(Recent Turnover) 710000 0.09401 0.3346
Log(Recent Local Turnover) 710000 0.06582 0.2771
Log(Remote Turnover) 710000 0.08536 0.3137
Log(Internal Turnover) 710000 0.0456 0.2241
Log(Onboarding Inventors) 710000 0.2557 0.6263
Log(O�boarding Inventors) 710000 0.2468 0.5761
Log(Onboarding Tech-Class Matched Inventors) 710000 0.1801 0.5174
Log(O�boarding Tech-Class Matched Inventors) 710000 0.1732 0.4701
Log(Onboarding Experienced Inventors) 710000 0.1083 0.3715
Log(Onboarding Inexperienced Inventors) 710000 0.1994 0.5483
Log(Onboarding Inexperienced Young Inventors) 710000 0.1994 0.5483
Log(Onboarding Local Inventors) 710000 0.07468 0.305
Log(O�boarding Local Inventors) 710000 0.08242 0.313
Tech-Class Match (%) 130000 48.72 42.68
Technological Proximity 130000 0.2354 0.3255
Knowledge Overlapping (%) 130000 6.895 12.13

Panel F: Local Labor Market and Breakthroughs
Observations Mean Std Dev

Thickness 710000 6.234 1.744
Thicknesst�10 710000 5.928 1.698
1fHighNCE=1g 710000 0.2527 0.4345

HHI 710000 0.1881 0.2127
Breakthrough 710000 1.827 1.921
BreakthroughOutState 710000 1.727 1.933
BreakthroughInState 710000 0.4723 0.886
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Table 3: Main Effects of Scientific Breakthroughs on Corporate Innovation

This table reports the main e�ects of scienti�c breakthroughs on the patent-based innovation outputs based on a
Model 1 in Panel A and 3 in Panel B. The unit of observation is a lab-year. Breakthrough represents the intensity of
breakthroughs measured by the natural logarithm of one plus the total scienti�c breakthroughs by technology class
in year t� j. Log(Patents) is constructed as the natural logarithm of one plus the sum of the patents generated by
each lab-year. Log(Citations) is constructed as the natural logarithm of one plus the sum of the adjusted citations
received by patents �led by each lab-year. Similar de�nitions apply to core patents which are inventions in labs’
core tech area, non-core patents as the rest, exploratory and exploitative patents. Fixed e�ects included in each
regression are indicated in the column. Standard errors are clustered at the LLM-year level. Stars denote standard
statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1, respectively).

PanelA (1) (3) (2) (4)
Dependant Var: Log(Patents) Log(Patents) Log(Core Patents) Log(Core Patents)

Breakthrough(t-4) 0.0042 0.0049
(0.0037) (0.0034)

Breakthrough(t-3) 0.0163*** 0.0139*** 0.0137*** 0.0110***
(0.0037) (0.0041) (0.0033) (0.0037)

Breakthrough(t-2) 0.0080* 0.0069 0.0086** 0.0072*
(0.0041) (0.0043) (0.0037) (0.0039)

Breakthrough(t-1) -0.0062 -0.0064 -0.004 -0.0045
(0.0043) (0.0043) (0.0038) (0.0038)

Breakthrough(t-0) 0.0051 0.0046 0.0038 0.0035
(0.0042) (0.0042) (0.0039) (0.0039)

Breakthrough(t+1) -0.0022 -0.0025 -0.0011 -0.001
(0.0041) (0.0042) (0.0038) (0.0038)

Breakthrough(t+2) 0.0062 0.0055 0.0042 0.004
(0.0041) (0.0042) (0.0037) (0.0038)

Breakthrough(t+3) 0.0039 0.0021 0.0037 0.0029
(0.0038) (0.0042) (0.0035) (0.0039)

Breakthrough(t+4) 0.0034 0.0015
(0.0040) (0.0036)

Lab Size 0.1432*** 0.1432*** 0.1140*** 0.1140***
(0.0015) (0.0015) (0.0014) (0.0014)

Firm Size 0.0315*** 0.0315*** 0.0227*** 0.0227***
(0.0033) (0.0033) (0.0029) (0.0029)

Age -0.0536*** -0.0535*** -0.0498*** -0.0497***
(0.0017) (0.0017) (0.0015) (0.0015)

Internal Labor Market 0.0340*** 0.0340*** 0.0057*** 0.0057***
(0.0019) (0.0019) (0.0018) (0.0018)

Innovation Experience 0.4608*** 0.4608*** 0.3897*** 0.3897***
(0.0025) (0.0025) (0.0026) (0.0026)

Industry FE Yes Yes Yes Yes
CZ x Research Field x Year FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
R-squared 0.5051 0.5051 0.4594 0.4594
Observations 455000 455000 455000 45500063
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Table 4: Thick Labor Market Effects on Corporate Innovation Outputs
This table reports the e�ects of scienti�c breakthroughs and the interaction e�ects of labor market thickness on the patent-
based innovation outputs based on Model 3. The unit of observation is a lab-year. Breakthrough represents the intensity
of breakthroughs measured by the natural logarithm of one plus the total scienti�c breakthroughs by technology class in
year t�3 to t�1. Thickness is the natural logarithm of total inventors in the research �eld x CZ in year t�3. Log(Patents)
is constructed as the natural logarithm of one plus the sum of the patents generated by each lab-year. Log(Citations)
is constructed as the natural logarithm of one plus the sum of the adjusted citations received by patents �led by each
lab-year. Log(Top� Cited) is constructed as the natural logarithm of one plus the sum of the top patents generated by
each lab-year. Log(Important) is constructed as the natural logarithm of one plus the sum of the importance-weighted
patents generated by each lab-year. Similar de�nitions apply to core patents which are inventions in labs’ core tech area,
non-core patents as the rest, exploratory and exploitative patents. 1fStar(T opCited)t,t+5=1g and 1fStar(Important)t,t+5=1g
indicate a lab as an innovation star if it ends up in the top 1% in the cumulative patenting measures across all labs in the
same �eld. In addition to the variables shown, I control for all lab characteristics used in Table 3, including Lab Size, Firm
Size, Age, Internal Labor Market and Innovation Experience. Fixed e�ects included in each regression are indicated in the
column. Standard errors are clustered at the LLM-year level. Stars denote standard statistical signi�cance (***p < 0.01,
**p < 0.05, *p < 0.1, respectively).

Panel A (1) (2) (3) (4)
Dependant Var: Log(Patents) Log(Citations) Log(Top-Cited) Log(Important)

Breakthrough x Thickness 0.0081*** 0.0061*** 0.0035*** 0.0118***
(0.0018) (0.0018) (0.0007) (0.0010)

Breakthrough 0.0313*** 0.0226*** 0.0049*** 0.0258***
(0.0014) (0.0014) (0.0006) (0.0009)

R-squared 0.5019 0.4831 0.394 0.3068

Panel B (1) (2) (3) (4) (5) (6)
Dependant Var: Log(Patents) Log(Citations) Log(Patents) Log(Citations) Log(Patents) Log(Patents)

Core Core Noncore Noncore Exploratory Exploitative

Breakthrough x Thickness 0.0088*** 0.0068*** 0.0035*** 0.0028*** 0.0071*** -0.0029***
(0.0015) (0.0016) (0.0012) (0.0012) (0.0013) (0.0008)

Breakthrough 0.0287*** 0.0167*** 0.0052*** 0.0060*** 0.0153*** 0.0038***
(0.0012) (0.0013) (0.0009) (0.0010) (0.0012) (0.0007)

R-squared 0.4552 0.4334 0.4306 0.3855 0.5601 0.1849

Panel C (1) (2) (3) (4)
Dependant Var: Log(Pay/Emp)t+1 Log(Emp)t+1 1fStar(TopCited)t;t+5=1g 1fStar(Important)t;t+5=1g

Breakthrough x Thickness 0.0078*** 0.0024 0.0025*** 0.0052***
(0.0023) (0.0021) (0.0003) (0.0004)

Breakthrough 0.0353*** 0.0099*** 0.0020*** 0.0073***
(0.0019) (0.0018) (0.0003) (0.0003)

R-squared 0.1512 0.8263 0.2276 0.178

Industry FE Yes Yes Yes Yes
CZ x Research Field x Year FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
Observations 710000 710000 710000 710000
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Table 7: Breakthroughs and Effective Thickness: An Example
This table reports a numerical example to illustrate economic magnitude of the total e�ect on the
quantity of patent produced, Log(Patents), shown in each cell represents and calculated as the sum
of all main e�ects and interaction e�ects based on coe�cients estimated in Column (1) of Table 6.
1fHighNCE=1g is an indicator of high enforceability of noncompetes in the upper quartile in terms of
non-competes enforceability (NCE). Breakthrough represents the intensity of breakthroughs measured
by the natural logarithm of one plus the total scienti�c breakthroughs by technology class in year t� 3
to t�1. The type of Local Labor Market is identi�ed by Thickness. Thickness is the natural logarithm
of total inventors in the research �eld x CZ in year t� 3. As an example, a Thick labor market is taken
such that its Thickness is 1.5 standard deviation above an average market, representing a top 5% local
labor market in terms of Thickness; while an Average LLM has an average size of inventor cluster.
As the intensity increases, the labs in the thick market without restrictions on labor mobility response
increasingly stronger to breakthroughs, while in the market with NCs, the increase in patenting is
weaker. Following a median wave breakthroughs, an average market without NCs can promote labs’
innovation as good as a top 5% thick market with NCs. R&D labs in the top 5% thick market could
have enjoyed 60% (=1.2%/2%) more boost in patent productivity that would otherwise emerge without
NCs.

(1) (2) (3) (4) (5)

Type of Local Labor Market Thick Thick Average (2)-(3) (1)-(2)

Non-competes Enforceability Low High Low

Breakthrough Intensity

1 -3% -1.2% -1.9% 0.7% -1.8%

2 -1.8% -0.6% -1.2% 0.6% -1.2%

3 3.2% 2% 2% 0% 1.2%

4 5.7% 3.2% 3.6% -0.3% 2.4%

5 8.2% 4.6% 5.2% -0.7% 3.7%

68



Table 8: Inventor Turnovers, Labor Market Thickness and Enforceability of Noncompetes
This table reports the e�ects of scienti�c breakthroughs, labor market thickness and the interplay with Noncompetes on the
inventor turnovers based on Model 3 in Panel A and Model 4 in Panel B. The unit of observation is a lab-year. 1fHighNCE=1g
is an indicator of high enforceability of noncompetes in the upper quartile in terms of non-competes enforceability (NCE).
Breakthrough represents the intensity of breakthroughs measured by the natural logarithm of one plus the total scienti�c
breakthroughs by technology class in year t � 3 to t � 1. Thickness is the natural logarithm of total inventors in the research
�eld x CZ in year t� 3. Log(Turnover) is constructed as the natural logarithm of one plus the sum of inventor moves in each
lab-year. RecentMoves is de�ned as moves within the recent three years. In addition to the variables shown, I control for all
lab characteristics used in Table 3, including Lab Size, Firm Size, Age, Internal Labor Market and Innovation Experience. Fixed
e�ects included in each regression are indicated in the column. Standard errors are clustered at the LLM-year level. Stars denote
standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1, respectively).

(1) (2) (3) (4)

Dependant Var: Log(Turnover) Log(Local Turnover) Log(Turnover) Log(Local Turnover)
All Moves Recent Moves

PanelA
Breakthrough x Thickness 0.0163*** 0.0163*** 0.0114*** (0.0102***

(0.0015) (0.0012) (0.0008) (0.0008)
Breakthrough 0.0310*** 0.0160*** 0.0104*** 0.0079***

(0.0013) (0.0008) (0.0006) (0.0006)

R-squared 0.4809 0.3376 0.3195 0.2404

PanelB
Breakthrough x Thickness x 1fHighNCE=1g -0.0150*** -0.0116*** -0.0088*** -0.0068***

(0.0023) (0.0014) (0.0011) (0.0010)
Breakthrough x Thickness 0.0200*** 0.0190*** 0.0135*** 0.0118***

(0.0016) (0.0013) (0.0009) (0.0008)
Thickness x 1fHighNCE=1g -0.0078*** -0.0079*** -0.0042*** -0.0036***

(0.0023) (0.0014) (0.0011) (0.0009)
Breakthrough x 1fHighNCE=1g -0.0012 -0.0092*** -0.0046*** -0.0048***

(0.0020) (0.0012) (0.0010) (0.0008)
Breakthrough 0.0310*** 0.0180*** 0.0114*** 0.0090***

(0.0013) (0.0009) (0.0007) (0.0006)
1fHighNCE=1g 0.0166*** 0.0149*** 0.0109*** 0.0106***

(0.0032) (0.0023) (0.0017) (0.0016)

R-squared 0.481 0.3378 0.3196 0.2407

CZ x Research Field x Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
Observations 710000 710000 710000 710000
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Table 9: The Direction of Human Capital Reallocation: Exposure to Breakthroughs
This table reports the estimated e�ects of scienti�c breakthroughs, lab-level exposure to breakthroughs, and the interplay
with labor market thickness on the direction of human capital allocation (Panel A) and on the patent-based innovation
outputs (Panel B), based on a modi�ed Model 4. The unit of observation is a lab-year. Exposure measures the lab-level
average exposure to breakthroughs in the given year based on the similarity of textual description between patents of the
lab and the breakthroughs. Log(Onboarding) is constructed as the natural logarithm of one plus the sum of onboarding
inventors in each lab-year. Log(Offboarding) is constructed as the natural logarithm of one plus the sum of o�boarding
inventors in each lab-year. Tech-Class Matched indicates a subset of inventors whose main technology area is the same as
the lab’s. In addition to the variables shown, I control for all lab characteristics used in Table 3, including Lab Size, Firm
Size, Age, Internal Labor Market and Innovation Experience. Fixed e�ects included in each regression are indicated in the
column. Standard errors are clustered at the LLM-year level. Stars denote standard statistical signi�cance (***p < 0.01,
**p < 0.05, *p < 0.1, respectively).

PanelA (1) (2) (3) (4)

Dependant Var: Log(Onboarding) Log(O�boarding) Log(Onboarding) Log(O�boarding)
All Inventors Tech-Class Matched

Breakthrough x Thickness x Exposure 0.0028*** -0.0013 0.0025*** -0.0025***
(0.0010) (0.0009) (0.0009) (0.0009)

Breakthrough x Exposure 0.0122*** -0.0016* 0.0131*** -0.0017**
(0.0010) (0.0009) (0.0008) (0.0007)

Breakthrough x Thickness 0.0059*** 0.0049*** 0.100*** 0.0078***
(0.0013) (0.0011) (0.0010) (0.0010)

Thickness x Exposure 0.0175*** 0.0143*** 0.0202*** 0.0174***
(0.0013) (0.0013) (0.0012) (0.0012)

Breakthrough 0.0150*** 0.0008 0.0216*** 0.0084***
(0.0011) (0.0010) (0.0009) (0.0008)

Exposure 0.0195*** 0.0212*** 0.0163*** 0.0196***
(0.0013) (0.0013) -0.0012 (0.0011)

R-squared 0.4196 0.3981 0.3515 0.3173

PanelB (1) (2) (3) (4)
Dependant Var: Log(Patents) Log(Citations) Log(Top-Cited) Log(Important)

Breakthrough x Thickness x Exposure 0.0035*** 0.0048*** 0.0025*** 0.0073***
(0.0012) (0.0013) (0.0007) (0.0011)

Breakthrough x Exposure 0.0051*** 0.0122*** 0.0055*** 0.0237***
(0.0011) (0.0012) (0.0006) (0.0008)

Breakthrough x Thickness -0.0004 -0.0027 -0.0018** 0.0044***
(0.0017) (0.0018) (0.0007) (0.0008)

Thickness x Exposure 0.0166*** 0.0171*** 0.0123*** 0.0098***
(0.0017) (0.0019) (0.0010) (0.0014)

Breakthrough 0.0146*** 0.0084*** 0.001 0.0115***
(0.0013) (0.0014) (0.0006) (0.0007)

Exposure 0.048*** 0.0260*** 0.0039*** 0.0144***
(0.0016) (0.0017) (0.0009) (0.0010)

Industry FE Yes Yes Yes Yes
CZ x Research Field x Year FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
R-squared 0.5057 0.4858 0.3961 0.3236
Observations 710000 710000 710000 710000
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Table 10: Characteristics of New Hires and Inventor Teams
This table reports the e�ects of scienti�c breakthroughs and labor market thickness on the Characteristics of New
Hires based on Model 3. The unit of observation is a lab-year. 1fHighNCE=1g is an indicator of high enforceability
of noncompetes in the upper quartile in terms of non-competes enforceability (NCE). Breakthrough represents
the intensity of breakthroughs measured by the natural logarithm of one plus the total scienti�c breakthroughs by
technology class in year t�3 to t�1. Thickness is the natural logarithm of total inventors in the research �eld x CZ
in year t�3. Tech�ClassMatch is the percentage of onboarding inventors who exactly match the technology class
of the lab-year. TechnologicalProximity is the average cosine distance in technology vectors between newly-hired
inventors with the focal lab in a given year. KnowledgeOverlapping is the average similarity in knowledge base
between newly-hired inventors and the focal lab in a given year. In addition to the variables shown, I control for
all lab characteristics used in Table 3, including Lab Size, Firm Size, Age, Internal Labor Market and Innovation
Experience. Fixed e�ects included in each regression are indicated in the column. Standard errors are clustered at
the LLM-year level. Stars denote standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1, respectively).

(1) (2) (3)

Dependant Var: Tech-Class Match Technological Proximity Knowledge Overlapping

(Percent) (Percent)

Breakthrough x Thickness 1.980*** 0.0174*** -0.2064***

(0.3074) (0.0022) (0.0694)

Breakthrough 4.523*** 0.0308*** 0.0035

(0.2368) -0.0017 (0.0571)

Lab Size 1.062*** 0.0109*** 0.2911***

(0.1669) (0.0012) (0.0441)

Firm Size -4.712*** 0.0310*** -0.9762***

(0.4038) (0.0030) (0.1024)

Age -3.034*** -0.0278*** -0.4039***

(0.2083) (0.0017) (0.0551)

Internal Labor Market -3.299*** -0.0182*** -0.2477***

(0.1627) (0.0012) (0.0408)

Innovation Experience -0.2395*** 0.0264*** 1.334***

(0.0863) (0.0007) (0.0269)

Inexperienced New-Hires -3.497***

(0.0397)

Experienced New-Hires 3.117***

(0.0195)

Industry FE Yes Yes Yes

CZ x Research Field x Year FE Yes Yes Yes

Single-Market Lab FE Yes Yes Yes

R-squared 0.196 0.1957 0.3466

Observations 130000 130000 130000
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Table 12: Geography of Scientific Breakthroughs and Distant Shocks
This table reports the e�ects of scienti�c breakthroughs, labor market thickness and the interplay with Noncompetes patent outputs
based and inventor turnovers based on Model 3 in Panel A and Model 4 in Panel B with additional �xed e�ects. The unit of
observation is a lab-year. BreakthroughOutState represents the intensity of breakthroughs generated out-of-state measured by the
natural logarithm of one plus the total scienti�c breakthroughs by technology class in year t � 3 to t � 1. BreakthroughInState

represents the intensity of breakthroughs generated within-state measured by the natural logarithm of one plus the total scienti�c
breakthroughs by technology class in year t� 3 to t� 1. Thickness is the natural logarithm of total inventors in the research �eld x
CZ in year t� 3. Log(Patents) or Pat is constructed as the natural logarithm of one plus the sum of the patents generated by each
lab-year. Log(Important) or Imptis constructed as the natural logarithm of one plus the sum of the importance-weighted patents
generated by each lab-year. Log(Turnover) or TO is constructed as the natural logarithm of one plus the sum of inventor moves
in each lab-year. In addition to the variables shown, I control for all lab characteristics used in Table 3, including Lab Size, Firm
Size, Age, Internal Labor Market and Innovation Experience. Fixed e�ects included in each regression are indicated in the column.
Standard errors are clustered at the LLM-year level. Stars denote standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1

Panel A (1) (2) (3) (4)
Dependant Var: Log(Patents)Log(Important Patents)Log(Turnover)Log(Local Turnover)

BreakthroughOutState x Thickness 0.0035* 0.0140*** 0.0102*** 0.0098***
(0.0020) (0.0015) (0.0017) (0.0014)

BreakthroughOutState 0.0225*** 0.0251*** 0.0236*** 0.0091***
(0.0017) (0.0010) (0.0016) (0.0011)

BreakthroughInState x Thickness 0.0012 -0.0036*** 0.0037** 0.0046***
(0.0022) (0.0014) (0.0017) (0.0015)

BreakthroughInState 0.0098*** 0.0027** 0.0078*** 0.0065***
(0.0016) (0.0011) (0.0016) (0.0010)

R-squared 0.5018 0.3069 0.4809 0.3375

Panel B
BreakthroughOutState x Thickness x 1fHighNCE=1g -0.0154*** -0.0069*** -0.0142*** -0.0101***

(0.0024) (0.0013) (0.0023) (0.0014)
BreakthroughOutState x Thickness 0.0079*** 0.0157*** 0.0142*** 0.0126***

(0.0022) (0.0016) (0.0019) (0.0015)
Thicknessx 1fHighNCE=1g -0.0094*** 0.0041*** -0.0072*** -0.0077***

(0.0023) (0.0011) (0.0023) (0.0014)
BreakthroughOutState x Thickness -0.0017 0.0014 -0.0011 -0.0085***

(0.0021) (0.0013) (0.0020) (0.0012)
BreakthroughOutState 0.0228*** 0.0247*** 0.0237*** 0.0113***

(0.0018) (0.0011) (0.0017) (0.0012)
BreakthroughInState x Thickness 0.0004 -0.0039*** 0.0030* 0.0041***

(0.0022) (0.0014) (0.0018) (0.0016)
BreakthroughInState 0.0099*** 0.0028** 0.0079*** 0.0061***

(0.0016) (0.0011) (0.0016) (0.0010)
1fHighNCE=1g 0.0181*** 0.0021 0.0163*** 0.0147***

(0.0034) (0.0017) (0.0032) (0.0023)

R-squared 0.5019 0.307 0.4809 0.3377

CZ x Research Field x Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
Observations 710000 710000 710000 710000
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Table 13: First-Wave Scientific Breakthroughs and Historical Measure of LLM Thickness
This table reports the e�ects of scienti�c breakthroughs, labor market thickness and the interplay with Noncompetes patent
outputs based and inventor turnovers based on Model 5 in Panel A and a similarly-modi�ed Model 4 in Panel B with additional
�xed e�ects. The unit of observation is a lab-year. Breakthrough represents the intensity of �rst-wave breakthroughs measured
by the natural logarithm of one plus the total scienti�c breakthroughs by technology class in year t� 3 to t� 1. The �rst-wave
is de�ned as �rst year when the annual count of breakthroughs innovations attain 25% of its historical maximum. Thickness
is the natural logarithm of total inventors in the research �eld x CZ in year t � 10. Log(Patents) or Pat is constructed as the
natural logarithm of one plus the sum of the patents generated by each lab-year. Log(Important) or Imptis constructed as the
natural logarithm of one plus the sum of the importance-weighted patents generated by each lab-year. Log(Turnover) or TO is
constructed as the natural logarithm of one plus the sum of inventor moves in each lab-year. In addition to the variables shown,
I control for all lab characteristics used in Table 3, including Lab Size, Firm Size, Age, Internal Labor Market and Innovation
Experience. Fixed e�ects included in each regression are indicated in the column. Standard errors are clustered at the LLM-year
level. Stars denote standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1

(1) (2) (3) (4)
Dependant Var: log(Patents)log(Important Patents)log(Turnover)log(Local Turnover)

Panel A
Breakthrough x Thicknesst�10 0.0319** 0.0233** 0.0469*** 0.0192***

(0.0131) (0.0094) (0.0125) (0.0064)
Breakthrough 0.0846*** 0.0628*** 0.0805*** 0.0275***

(0.0130) (0.0090) (0.0118) (0.0062)

R-squared 0.2311 0.2193 0.2376 0.1801

Panel B
Breakthrough x Thicknesst�10 x 1fHighNCE=1g -0.0342** -0.0265** -0.0227* -0.0206**

(0.0139) (0.0106) (0.0136) (0.0087)
Breakthrough x Thicknesst�10 0.0258** 0.0251*** 0.0363*** 0.0194***

(0.0112) (0.0087) (0.0108) (0.0065)
Thicknesst�10x 1fHighNCE=1g -0.0192 -0.005 -0.0181 -0.0061

(0.0152) (0.0089) (0.0148) (0.0082)
Breakthrough x 1fHighNCE=1g 0.0171 0.016 0.0194* -0.0118

(0.0119) (0.0097) (0.0113) (0.0073)
Breakthrough 0.0542*** 0.0511*** 0.0466*** 0.0207***

(0.0108) (0.0080) (0.0098) (0.0061)
1fHighNCE=1g 0.0017 -0.0032 0.0016 0.0024

(0.0172) (0.0111) (0.0166) (0.0088)

R-squared 0.4541 0.3167 0.5084 0.3078

CZ x Research Field x Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
Observations 26500 26500 26500 26500
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Chapter 2: Identifying the Effects of Entry on Local

Innovation

Jing Xue

Abstract

I identify the entry effects of top innovative firms on incumbent innovation. I exploit the

inter-temporal variation in patenting activities of local inventors in chosen commuting zones

that attracted the firm headquarters and in runner-up commuting zones that were finalists

of location choice. Treated and control groups have similar trends prior to the entry, while

the local inventors in the chosen zones perform better in quality and quantity after the entry

of top innovative firms. They apply 6.7% more patents, gain 16.8% more top patents, and

receive 11.6% more citations. In addition, I investigate the potential mechanisms underlying

local innovation spillovers. Entry effects are stronger among local inventors who are techno-

logically or socially closer to the entering firm, after controlling for innovation incentives and

labor mobility. Social closeness, isolated from technological proximity, consistently explains

the innovation gains, which suggests knowledge diffusion being the important channel for

the local innovation productivity spillovers. Overall, my results indicate that top innovative

firms foster innovation of local participants largely through knowledge spillovers.



1 Introduction

The dynamics of firm entry or exit have long been linked to the pattern of economic growth.

Entry can induce the reallocation of resources, trigger productivity spillovers and promote

knowledge diffusions. Also, it is associated with governments’ substantial subsidies, includ-

ing tax breaks, offers of low-cost land, and others, to attract a firm’s entry. A vivid example

would be the eye-catching “beauty contest” created by Amazon to locate its second head-

quarters. The prospect of winning Amazon’s HQ2 generated intense competition among US

cities, with some of the finalist cities offering incentives as high as $5 billion. One important

issue left behind is how to justify the use of taxpayer money for such huge incentive pack-

ages. It is important to evaluate the existence and magnitude of externalities generated by

the entry, besides the economic efficiency grounds. Potential sources of positive externalities

include benefits from supply chain effects and thicker labor markets (Moretti (2010), Ace-

moglu (1997b)), cost reduction from improved local services and infrastructure (Krugman

(1991b)), and knowledge spillovers, which is particularly essential for incumbent innovation.

The entry of a top innovative firm is expected to foster innovation of local participants,

and knowledge is expected to be diffused and absorbed. Empirically identifying the spillover

effects among individuals has far-reaching implications. It can help us better understand

the nature of knowledge spillovers and whether knowledge is more embodies in individu-

als or more ‘in the air’. Also, it can provide micro-foundations on R&D spillovers across

firms. However, there is little empirical evidence on the effects of entry on local inventors.

One potential reason is the lack of high-quality individual-trackable patent data since the

United States Patent and Trademark Office (henceforth USPTO) does not require consis-

tent and unique identifiers for inventors. This issue has been well-addressed in recent years,

thanks to the efforts of Li et al. (2014), among others, who develop an accurate and auto-

matic disambiguation algorithm and form of a database of inventors and their associated

patents. I use their disambiguated data as my main source of patent information. Mean-

while, inventor addresses recorded in the dataset allow me to locate inventors in different

local commuting zones (henceforth CZs), which are geographical units designed to capture

largely self-contained areas where people live and work (Autor and Dorn (2013)).

Another potential reason could lie in the difficulty of identification, since the decision of

firm entry is endogenous and likely to be correlated with some local factors that are hard

to observe or measure, including quality of labor force, growth prospect, proximity to the

target markets, visibility of region, pro-business environment, and infrastructure. Causal

estimation of entry effects on local innovation requires a “counter-factual”. To overcome

this challenge, I rely on the set of competing locations recognized by the firm as finalist(s)
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to locate its headquarters, and thus identify a valid control group to restore what would

happen in absence of entry. One well-known case is the relocation of Boeing’s headquarters

in 2001. With about 11 months of research into the pluses and minuses of different cities,

they narrowed the choices to three candidates, Denver, Dallas/Fort Worth, and the eventual

winner, Chicago, according to John Warner, Boeing’s chief administrative officer in the

spring of 2000. Indicating the choice of Chicago was “a very close call”, the officer also

likened Dallas and Denver to “second-place finalists in an Olympic race”. Therefore, the set

of finalists provides an appealing setting to reach causal identification because the runner-up

cities survived the long site search process and just narrowly lost the contest. Specifically, I

compare the productivity change of local inventors between the winner city (treatment) and

runner-up city (control) in events of a top innovative firm choosing its headquarters location.

The validity of the research design is supported by similar pre-trends. Also, the focus on

incumbents allows for a test of spillovers on a sample of preexisting inventors residing in

the local area, which eliminates concerns related to the endogenous entry of new-coming

inventors. This methodology was developed by Greenstone et al. (2010), the early well-

established work using the evidence from Multimillion Dollar Plants (henceforth MDP) to

identify agglomeration spillovers by exploiting such quasi-experimental variation.

I find that after the entry of top innovative firms, the productivity of local inventors in

the winning CZs on average increased by 6.7% relative to the runner-up CZs. The produc-

tivity is measured by patent count per year. They also tend to produce more important

patents measured by the number of subsequent citations received or by the number of top

patents. The effect is not driven by changes in the unobserved quality of inventors. I con-

trol for economy-wide shocks and shocks within the technology class. Results are robust

to controlling for technology class�location fixed effects, which absorb time-invariant pro-

ductivity shifters that are specific to a class-location pair, such as geographic proximity to

a university strong in a specific field. Results also are robust to controlling for technology

class�year fixed effects, to account for time-varying technological changes. I alleviate the

concerns that a firm’s location choice may be endogenous to shocks to the local economic

environment by removing location-specific unobservable heterogeneity. Also, I estimate the

time pattern of entry effects. In five years before the entry, I find statistically equivalent

trends in patent-based outcome measures for incumbent inventors in winning and runner-up

CZs. This finding supports the validity of the identification assumption. While the research

design might not be the perfect experimental setting, the analysis in this paper and existing

literature suggest a large degree of randomness regarding the entry decision in the final stage.

Furthermore, this paper sheds light on the potential mechanisms underlying local inno-

vation spillovers. I find evidence of knowledge diffusions from entering firms to incumbents
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using patent citations. I show that entry effects are stronger among those inventors who are

more technologically close to the entering firms, by studying the interaction of the treat-

ment effect and Jaffe proximity measure (Jaffe (1986)), constructed using the uncentered

correlation coefficients between the technology class vectors between local inventors and the

entering firms. Besides technological proximity, I investigate the role of social proximity

by studying co-inventorship network, which provides an effective channel for information

exchange and knowledge transmission. I find stronger treatment effects on local inventors

who are socially closer to the entering firms. Alternative channels of innovation spillover

might include changes in local labor markets, for example, a better quality of employee-

firm matches; and innovation incentives, where top innovative entrants induce incumbents

that are initially close to the technology frontier to innovate more. To distinguish knowl-

edge spillovers from these alternative channels, I explicitly control innovation incentives and

restrict labor mobility. The results of entry effects depending on social closeness are still

robust. Overall, the estimates suggest that knowledge spillovers are responsible for entry

effects.

1.1 Literature Review

This paper is related to two strands of the literature.

First, this paper is complementary to the existing literature regarding the effects of firm

entry on local economics. This question has been studied for local production, industry

dynamics, technology adoption, and innovation (Aghion et al. (2009), Petrakis and Tsakas

(2018)). In a more general sense, the paper is related to agglomeration, and in particular,

to the question of why and how geography matters for innovative activity. Carlino and Kerr

(2014) show that agglomeration can foster innovation by reducing the costs of accessing in-

puts, workers, and knowledge, knowledge diffusion being likely to be particularly important.

Lucas (1988) explicitly posits a productivity effect of agglomeration, which is particularly

important in the innovation sector and “creative professions.” This productivity effect could

reflect localized knowledge spillovers or the fact that the quality of worker-firm matches

may be better in larger clusters. As an example of studying agglomeration through entry

effects, Greenstone et al. (2010) identify the agglomeration spillovers by comparing changes

in total factor productivity among incumbent plants in winning and losing counties for large

plant openings, and find that the spillover is larger for plants sharing similar labor and

technology pools with the new plant. On the other hand, they also document that labor

costs increase in winning counties, and the effect on the use of skilled labor is ambiguous

for firms. Adopting and revising their methodology to study the entry effects on incumbent
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innovation, I contribute to the literature by investigating the spillover effects of entry at

the more disaggregated level, the inventor level. Such a study is beneficial because it could

reveal the unknown incentives of inventors working in the local labor market. It can help

answer the question of how innovative activity is clustered and what economic impact this

concentration has. The study has policy implications in the sense that it provides a new

rationale for innovation policy by providing micro-foundations on innovation spillovers.

Second, this paper contributes to the stream of literature on the accumulation of knowl-

edge and its positive externalities, knowledge spillovers. An interesting aspect has been

the renewed attention to the geographic scope of the spillover effects. Existing literature

has analyzed spillovers between some top innovative entities and their surrounding fellows

by studying the effects of R&D facilities and high technology production on other local

market participants and regional growth. Jaffe (1989) find a significant effect of university

research on corporate patents, and an indirect effect on local innovation by inducing indus-

trial R&D spending. Anselin et al. (1997) provide evidence of local geographic spillovers

between university research and high-technology innovative activity. Kantor and Whalley

(2014) find significant spillovers from university R&D activity on local firms, and the effects

are significantly larger when local universities are more research-intensive or local firms are

technologically close to universities. Existing studies of knowledge spillovers at the individ-

ual level focus on scholars in academia. Waldinger (2012) show that even very high-quality

scientists do not affect the productivity of their local peers, using evidence from the dis-

missal of scientists in Nazi Germany. Borjas and Doran (2012) found the post-1992 influx of

Soviet mathematicians had a negative “crowing-out” effect on the productivity of their U.S.

counterparts. This paper contributes to the literature by expanding the study to inventors

working for firms. Furthermore, conflicting results of knowledge spillovers in the literature

suggest very heterogeneous effects across groups and also remind us that the channels still

remain unclear. This arises from the fact that knowledge is invisible and unmeasurable.

While citation linkages among patents can and have been provided a direct clue to track the

direction of knowledge flows, more supporting evidence is essential to identify specific chan-

nels, especially at a more disaggregated level. This paper contributes to knowledge diffusion

literature by providing evidence of social connections as potential channels.

The rest of the paper proceeds as follows. Section 2 describes the research design in

more detail, presents the data and sample, and shows a summary of statistics. Section 3

establishes the empirical evidence on the link between the entry of top innovative firms and

incumbent innovation, and in Section 4 I investigate potential mechanisms and provide an

analysis of results. Section 5 concludes.
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2 Research Design and Sample Construction

This section provides an argument for the research design employed in the paper. Also, I

describe the construction of the sample and variables of interest and present the descriptive

statistics.

2.1 Identification Strategy

Firms do not enter a place randomly. Location decision is made by the firm to maximize its

profits. Such endogeneity nature prevents me to compare the winning place with a random

or average location, since the chosen one can be very different across many dimensions,

for example, transportation infrastructure, the availability of talents and skilled workers,

subsidies, access to suppliers, and customers, life quality, and so on. These factors can affect

the decision-making of a firm and are likely to be correlated with the productivity of local

inventors. Since many of them are unobservable, I can’t address the problem by simply

adding controls. The causal estimation of entry effects on local inventors requires a valid

‘counter-factual’ location that is similar enough to the chosen location among the dimensions

just described.

The identification strategy I adopt has the same logic as that in the series of Million

Dollar Plant papers. I rely on a set of locations that were revealed as finalists in the site

search process of the firm. Specifically, when firms are considering where to locate or relocate

their headquarters, they typically begin by searching for dozens of possible locations and try

to narrow down the choice set to around two to four sites. The finalists survived in the long

site search process governed by the selection rule that determines the firm’s location decision

and just narrowly lost the contest.

The assumption of the identification strategy is that the incumbent inventors in the

runner-up locations are qualified as a valid counterfactual for the incumbent inventors in the

winning locations, conditioning on differences in relevant control variables. Put in another

way, I use inventors in the runner-up locations to identify what would have been the invention

activity without the firm’s entry. The later section will provide evidence to support the

assumption. In practice, I adjust for covariates so that the identification assumption needed

can be weaker.

2.2 Sample Construction

2.2.1 Firm Entry and Local Inventors. As described in the previous part, the most

essential information for identification strategy is the set of locations considered finalists by
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firms. I focus on the choice of headquarters or regional headquarter (for foreign companies)

location. The reason is as follows. Perfect information should come from the site search

process for a research lab but it is rarely disclosed. The most available and extensive data

come from the location rankings of manufacturing plants, which are used in MDP papers.

But in the context of innovation and knowledge spillovers, a purely manufacturing plant

usually is irrelevant. On the other hand, a firm’s headquarter plays an important role in

innovation activity. Headquarters is at the center of firm activities and provides a platform

for all groups of employees to interact, communicate, and cooperate with each other, through

regular meetings, reports, conferences, job rotation or an internal promotion. Howells (1990)

and Breschi (2008) have shown that many large firms tend to locate their R&D facilities

close to company headquarters and do not geographically disperse them throughout the

corporation. They also argue that any potential innovation has to pass through the company

headquarters before it is patented, for instance, through internal mobility of researchers, so

that headquarter is exposed to relevant technology and knowledge even if the invention has

been originally developed elsewhere.

To further establish the fact that headquarters play a central role in firms’ R&D activities,

I investigate the location of inventors and patenting work for public firms using patent data.

Table 15 provides statistics on the distribution of the number and percentages of patents

produced by inventors residing within the commuting zone of firm headquarters. The sample

used to calculate the distribution only includes patents assigned to public firms, for which

headquarters information is generally available. Panel A and Panel B count inventors of

firms and identify those who lived in the CZs of the firm headquarters, while Panel C and

Panel count patent-weighted inventors to measure the contribution they made. From the

table, we can see that, even for listed firms that usually are dispersed in terms of their

operating locations, the inventors residing around the headquarters account for nearly 50%,

which shows that the headquarter is very relevant for innovation activity for firms.

Table 15 [INSERT TABLE HERE]

The major source of the headquarter site search information is from the corporate real

estate journal, Site Selection, which is also used in MDP papers. The journal has been

digitalized since 1997 and has a series of articles that described the details of the site search

process of firms. I hand-collected relevant information from articles covering 1997 to 2010.

Also, I add into the sample the cases of headquarter relocations used in the MDP papers

which usually cover years from the 70s to the late 90s. Besides, I search news articles

on major media websites to supplement and confirm the information gathered from Site

Selection. I restrict to the firms that are Top Innovative Firms (TIF). The classification of
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TIF is based on the total number of patents granted to the assignees over the whole sample

period. Assignees are TIF if they are in the top 5% of patent counts. Among the 15 cases

that did not qualify, I identified two firms in retail sectors being non-TIC. The final sample

includes 12 qualifying cases, spanning from 1987 to 2005. The summary of headquarter

contests is presented in Table 16.

Table 16 [INSERT TABLE HERE]

To obtain information on the patenting activity of local inventors, I will use the patent

dataset described in the next section. The research unit studied in the paper is the individual

inventor. The local labor market is of interest. Thus, following the literature in labor

economics, the geographical units of analysis I employ are commuting zones. CZs are a

suitable candidate to estimate the scope of innovation spillovers since CZs are based on

economic geography rather than jurisdictional boundaries and also, and they cover the entire

United States, including rural areas where many inventors could live in. I match counties

with CZs using the crosswalk table provided by Autor and Dorn (2013).

My main analysis uses a sample of inventors that were residing in the local CZs in the

fives years preceding the year of firm entry and stayed at least until the year of entry. Also, I

dropped the patents assigned to the entering firms. The summary statistics on the measures

of CZ-level and inventor-level variables are provided in the next subsection.

2.2.2 Patent Data. Patent data mainly come from the NBER Patent Data Project by

Hall et al. (2001a) and Fung Institute Inventor Database, under the efforts of Li et al.

(2014). The primary source of both databases is the patent data of the United States Patent

and Trademark Office. Unsuccessful patent applications are not included. The USPTO

does not provide unique inventor identifiers, making large-scale studies challenging. To

address this issue, Li et al. (2014) develop a large-scale authority disambiguation approach,

making it possible to follow individual inventors over time. The algorithm combines inventor

names, locations, co-authors, associated firms, and patent classifications to create an inventor

identifier. The final dataset provides information on the patents, patent assignees, patent

inventors, the number of citations received by the patent, the technology class of the patent,

and the application and grant year of patents during 1975-2012. Usually, a patent is assigned

to a firm and the employees who are involved in the invention process are identified on the

patent documents as the actual originating inventor, along with any co-inventors. In the

meantime, the dataset contains detailed information on the residential address of inventors,

including street, city, state, country, and zip code, which allows me to geographically locate

inventors. Note that these addresses are indeed the home addresses of the inventors and not
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the addresses of the firms at which the inventors work. Besides, to identify firms that are

publicly traded, I use the data from ? and expand to the whole sample period used in this

paper.

I construct an inventor-year panel using patent data covering a period from 1980 to

2010. In the complete Fung Institute Inventor Database, there are roughly 1.4 million

unique inventors from 1975-2012 residing in the US. The last two years covered by the

patent dataset, 2011 and 2012, are dropped from my sample to avoid bias introduced by the

truncation nature of patent data, which results from the fact that patents have on average a

2-year lag from the time a patent application is submitted until the time it is granted, and

therefore some patents that have already been applied for may not yet appear in the sample.

The final sample consists of 65794 distinct inventors.

2.3 Variable Definition

2.3.1 Measures of Inventor Productivity. Patents, as intermediate outputs of the

innovation effort, are a reliable measure of invention activities. Thus, to evaluate the worker-

specific productivity of local inventors, I will use several patent-based measures that have

been widely adopted over the last two decades. While these measures have some limitations,

they are arguably a more direct measure of inventor productivity than other proxies.

The first primary measure of productivity in my inventor-level analysis is the quantity

of ultimately granted patents that the inventor applied for, which is the simple patent count

for each firm-year. The relevant year is the application year, which is very close to the actual

innovation and far before the innovation is transformed into a finished product ready for the

market. A second version of this measure is the adjusted count of patents. Following the

methodology in the mainstream literature, I make an adjustment to apportion credit to each

inventor, accounting for the fact that most patents are granted to more than one inventor.

Specifically, I adjust patent counts by the number of inventors of the patent: giving each

inventor credit for 1/N patents for a patent with N inventors.

Patent counts correspond to the quantity of innovation, and patents can be heterogeneous

in the number of ideas they contain. Thus, I also use three citation-based measures to take

into the quality of innovation, that is, to measure how many important patents an individual

invented. The first quality-based measure is the number of subsequent citations these patents

receive adjusted by the fixed effect methodology (Hall et al. (2001a)). I adjust citations by

the number of inventors of the patent: giving each inventor credit for 1/N shares of citations

for a patent with N inventors. I also adjust patent citations for the changing distribution

of patent citations each year by scaling citations by the average number of citations per
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patent granted in the same year and in the same technology category. This is necessary

to solve the patent-level bias problem highlighted in Lerner and Seru (2017) induced by

truncation of reported patent awards and citations, which can affect estimates of time trends

and patterns across technology classes and regions. I call this measure Adjusted Citations.

Finally, following Bernstein et al. (2018), I construct a binary variable, Top Patents, which

is a simple indicator variable equal to one if a patent was in the top 10% of patents from

the same year and technology class in terms of citations received. This variable identifies a

subset of highly influential patents granted within a technology class in a given year. I also

have a variable named Sum Top Patents, which captures the number of such top patents

that the inventor applied for.

2.3.2 Indicators of Knowledge Flows. In this paper, the analysis of patent citations

is the major approach to the study of knowledge diffusion. Since knowledge spillovers are

invisible, empirical studies need to utilize indirect measures, among which citations made in

patent documents have received particular attention, as they trace flows of knowledge across

individuals, institutions, and regions and help to map innovation networks. Jaffe et al.

(1993), as a well-known milestone in this area, generally compare the geographic location

of patent citations with that of the cited patents, as evidence of the extent to which knowl-

edge spillovers are geographically localized. They take the significant “home bias” in patent

citations they found as strong evidence of knowledge spillovers. Following their footstep,

there are a series of research work studying and refining the use of citations as an indicator

of knowledge flows. Some of them tried to investigate whether citations are sufficiently cor-

related with knowledge flows to allow statistical analysis of the proxies to be informative.

Using evidence from a Survey of Inventors, Jaffe et al. (2000) suggests that communication

between inventors is reasonably important and that patent citations do provide an indication

of communication, in spite of a “noisy signal of the presence of spillovers”. Gittelman and

Alcácer (2006) study the citations made by the examiner separately by analyzing the distri-

bution of examiner and inventor citations with respect to self-citation, distance, technology

overlap, and vintage. Their results indicate that inferences about inventor knowledge may

suffer from bias or overinflated significance levels, and they also find that inventor and exam-

iner forward citation streams converge over time. Nevertheless, patent citations do provide

strong evidence of knowledge flows, and more caution with the interpretation when drawing

inferences about knowledge spillovers from such citation evidence is necessary. Thus, other

supporting evidence will be provided in this paper.
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2.3.3 Other Variables. My other outcome and control variables are mostly based on

patent datasets. The demographic characteristic I use is the age of inventors (the birth

year is proxied by the first year the inventor showed up in the whole dataset), to control

for the difference in their innovative productivity over the life-cycle. I use the inventor’s

patent stock as a proxy for experience. Also, to control for the time-varying characteristics

of CZs, I obtain information from the Bureau of Economic Analysis (BEA) and the Census,

including population size, income per capita, the growth rate of total income, the growth rate

of population size, and government expenditure. I obtain information from National Science

Foundation (NSF) for education variables, mainly using the Survey of Earned Doctorates

(SED) and the Survey of Federal Science and Engineering Support to Universities, Colleges,

and Nonprofit Institutions (Fed Support).

2.4 Descriptive Statistics

After combining the inventor-year panel with the sample of firm entry, I obtain a final

sample of 478284 observations from 1982 to 2010 for 12 cases. Table 17 shows summary

statistics. Panel A to Panel D shows summary statistics of the patent level, inventor level,

and inventor-year ranging from 1976 to 2012. Panel B and C present comparisons of patent

measures between inventors in winner CZs and runner-up CZs, and also presents the mean

value for the entire U.S. sample. Results show that compared to an average inventor in the

U.S., the in-sample inventors achieved much better patenting outcomes, while the differences

between inventors in the control group and treatment group are very small. Panel E shows

the mean difference in local economy conditions between winning CZs and runner-up CZs

in pre-entry periods. Across seven measures, only two of them are statistically significant.

Also, these factors come into entry effect analysis as control variables. Overall, the basic

statistics provide the first check of the validity of the research design.

Table 17 [INSERT TABLE HERE]

3 Effects of Entry on Local Inventors

In this section, I discuss my main analysis of the entry effects of top innovative firms on

local innovation activity. It has two major components. The first subsection presents the

empirical specification. The second subsection presents baseline estimates of the entry effects

on the patenting outcomes of local inventors, as well as the time pattern of the effects.
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3.1 Model Specification

The goal is to estimate the causal effect of the TIF entry on the innovative activities of lo-

cal inventors. I estimate the magnitude of this effect by exploiting inter-temporal variation

between the treated group (inventors in the winning CZs) and the control group (inventors

in the runner-up CZs). Following the literature using a difference-in-differences methodol-

ogy, my model specification is similar to that of Greenstone et al. (2010), among others.

Specifically, I estimate the following model:

Yilct;e = �PostTreatilct;e+
1Postilct;e+
2Treatilct;e+�Xilct;e+�CZlt+�i+�c+�l+�t+�e+�ilct;e

(6)

where i indexes inventors, l indexes the location (CZ), c indexes the technology class of

the inventor, t indexes year, e indexes events. Yilct;e is the dependent variable, patent-based

measures. The time window I use is from five years before the entry to 5 years after the

entry for each case. Postilct;e is a dummy equal to one in post-entry years, and Treatilct;e is a

dummy equal to one for inventors living in the wining CZ. PostTreatilct;e is a dummy equal

to one if the company has entered in CZ l by time t in event e, and takes on the value of zero

otherwise. Xilct;e is individual-level control variables and CZlt is CZ-level control variables.

Inventor fixed effects account for sorting due to permanent differences in productivity across

workers. I also control for time-invariant unobservable CZ characteristics by using location-

fixed effects. Technology class indicators control for sector-wide shocks. Year indicator

variables control for economy-wide shocks. And I add event-fixed effects to estimate the

effect separately for each firm’s entry. Standard errors allow for serial correlation through

clustering by inventors. As robustness checks, I add technology class by location fixed effects

to account for any time-invariant unobserved complementarity between the technology class

and CZ to absorb time-invariant productivity shifters that are specific to a CZ-field pair,

such as proximity to a university that is strong in a specific field. Also, results stay highly

similar if clustering at the technology class by year level.

To test the dynamics of the effects and test for pre-trends, I use a standard variation in

the difference-in-differences framework. Specifically, I use a full set of lags and leads around

the firm entry, interacting with the Treat indicator. I estimate the following model:

Yilct;e =
∑5

j=�5 �jTreatilct;e � I(yeargap = j) +
∑5

j=�5 �jI(yeargap = j)

+
1Postilct;e + 
2Treatilct;e + �Xilct;e + �CZlt + �i + �c + �l + �t + �e + �ilct;e
(7)
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where yeargap is the difference between year t and the year of entry in each specific case.

The effects of interest are denoted �j. These estimates reflect the causal effect of TIC entry on

the outcome of interest j years around the entry. Ideally, I would like to observe coefficients for

the interaction terms for years before the entry stable and close to zero, while coefficients for

the interaction terms for years after entry are positive and statistically significant. A pattern

like this would support parallel-trends assumption in absence of the firm’s entry. In addition,

this specification allows for assess of which period after the firm entry the impact takes place

and how persistent the entry effect is. I again include year-fixed effects, technology class fixed

effects, location-fixed effects, and individual fixed effects, absorbing aggregate time trends,

sector shocks, local shocks as well as individual time-invariant characteristics.

3.2 Firm Entry and Patenting Outcomes of Local Inventors

3.2.1 Results.

Firm Entry and Local Inventors: Productivity I begin by testing whether the quan-

tity of patents applied has increased after the entry. Results from regressions 6 are reported

in Table 18. In Panel A, the dependent variable represents the number of patents that the

inventor i applied in year t. In Panel B, the dependent variable represents the number of

patents that the inventor i applied in year t, adjusted for the number of co-inventors in each

patent. Post-treatment is a dummy equal to one in the post-entry years for inventors who

lived in the CZ that won in the headquarters site search. Column 1 reports results from

the Poisson regression and Column 2-4 reports ordinary least square (OLS) estimates for

the linear model. For all specifications, I include inventor fixed effects, case fixed effects,

and different combinations among technology class fixed effects, year fixed effects, CZ fixed

effects, CZ�Tech class fixed effects, and Year�Tech fixed effects. Standard errors allow for

serial correlation through clustering by inventors.

Across all regressions reported in Table 18, the coefficients on Post-treatment are signif-

icantly positive, which shows a consistent positive entry effect on the productivity of local

inventors. Specifically, according to Column 2 in Panel A, treated inventors on average pro-

duce 0.046 more patents per year, which represents a 6.7% increase in productivity, compared

to their counterparties in the control group. The magnitude of entry effects is even stronger

if we consider adjusted patent counts as the outcome variable.

Table 18 [INSERT TABLE HERE]

Besides the quantity of patents, I also investigate the entry effects on the quality of

patents and report the results in Table 19. The results in Column 1 and Column 4 show
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that following the entry of top innovative firms, local inventors in the chosen CZs on average

produce 0.018 more top patents and also receive 0.046 more adjusted citations from their

patents, compared to inventors in the runner-up CZs, representing an increase of 16.8% and

11.6% respectively.

To sum up, I find significant positive entry effects of top innovative firms on patenting

activities of local inventors.

Table 19 [INSERT TABLE HERE]

Firm Entry and Local Inventors: Field of Invention Furthermore, I test whether

local inventors become more likely to work in the technology field overlapped with the

entering firms after the entry. Results are shown in Table B1. The dependent variable

is a dummy variable equal to one if in year t, the sample inventor i have applied for patent

in the same field as the entering firm. Post-treatment is a dummy equal to one in the post-

entry years for inventors who lived in the winning CZs, which captures the treatment effect

of the interest. Column 1 reports results from the logit regression and Column 2-4 report

ordinary least square (OLS) estimates for the linear model. For all specifications, I find the

probability of working in the technology field overlapped with the entering firms becomes

higher after the entry. Also, the result is robust to the inclusion of inventor fixed effects,

case fixed effects, and different combinations among technology class fixed effects, year fixed

effects, CZ fixed effects, CZ�Tech class fixed effects, and Year�Tech fixed effects. These

results might suggest that local inventors pick up knowledge or technology originated from or

associated with the entering firms and that knowledge spillovers can explain the entry effects

on productivity. Yet, the results are also consistent with other explanations, for example,

innovation incentives. Here is a first hint of potential channels, and a detailed discussion

will be provided in Section 4.

Table B1 [INSERT TABLE HERE]

3.2.2 Assumptions of Parallel Trends. To check the validity of my research design, I

study the time pattern of the entry effects by estimating Equation 7. I interact the treatment

dummy with a set of indicators, which represent the year gap to the year of entry. I plot

the estimated coefficients along the timeline. Results are shown in the Figure 8, 9, 10, and

11. From these graphs, we can observe that before the entry, the estimated coefficients are

not significantly different from zero. After the entry, there are positive entry effects. For

quantity-based outcome variables, the effects come soon after the entry; while for quality-

based outcome variables, the entry effects kick in later, mainly going up significantly in the
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fourth and fifth year after the entry. This difference makes sense because usually, it takes

more time to generate impacts on quality. In general, the validity of the research design is

supported by similar pre-trends.

4 Investigating Mechanisms

In this section, I will investigate the underlying mechanisms through which the entry effects

take place. Potential channels include knowledge spillovers, i.e, the sharing of knowledge

and skills through formal and informal interaction may generate positive production ex-

ternalities across workers (Lucas (1988)). Also, improved labor markets can explain the

entry effects (Moretti (2010), Costa and Kahn (2000)). For example, a better quality of

employee-firm matches helps improve the productivity of local inventors. The intuition in a

formalized notion in Acemoglu (1997b) states that employers in thick labor markets invest

in new technologies because they know they can find specialized employees, and at the same

time, employees in thick markets invest in human capital because they know that when they

change jobs, their human capital will be valued. Another channel could be innovation in-

centives. The story is that frontier entrants induce incumbents that are initially close to the

technology frontier to innovate more since they know they can survive entry by innovating

successfully(Aghion and Jaravel (2015)). I first show the existence of knowledge diffusions

from the entering firms to local inventors using patent citations. Then, I explore the het-

erogeneity in the treatment effects by testing whether the estimated spillovers vary with

technological proximity and network closeness. I also provide analysis to distinguish the

knowledge spillovers from other alternatives. All results suggest that knowledge spillovers

can explain the entry effects.

4.1 Knowledge Diffusions: Citations Made

To justify the idea that knowledge spillover is an important channel for the entry of a TIC to

affect local inventors, I begin with testing whether there exist knowledge diffusions from the

entering firms to local inventors, by utilizing patent citations, which are increasingly used

to indicate knowledge flows (Jaffe et al. (1993), Jaffe et al. (2000), Gittelman and Alcácer

(2006)). The idea here is that since patents are publicly available, in the absence of localized

spillovers, citations should not depend on the location of inventors. Thus, I test whether

local inventors tend to make more citations of patents owned by the entering firm after the

entry. Positive treatment effects can indicate post-entry knowledge diffusions. Furthermore,

I would like to examine the time pattern of the citation made.
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Table 20 reports regression estimates of the treatment effect of entry on the citations

made by local inventors. The dependent variable represents the number of citations, scaled

by the patent counts, that the inventor i made to the patenting belonging to the entering

firm in year t. The sample includes inventor-year observations where at least one patent is

applied. Post-treatment is a dummy equal to one in the post-entry years for inventors who

lived in the CZ that won in the headquarters site search. For all specifications, I include

inventor fixed effects, case fixed effects, and different combinations among technology class

fixed effects, year fixed effects, CZ fixed effects, CZ�Tech class fixed effects, and Year�Tech
fixed effects. Standard errors are clustered at the CZ�Tech class level in column 1. Standard

errors allow for serial correlation through clustering by inventors in Column 2-4.

In all specifications, I find significant positive treatment effects. The results suggest

that local inventors incorporate the entering firms’ technological knowledge into their own

patents, indicating knowledge diffusions.

Table 20 [INSERT TABLE HERE]

Next, I plot coefficients estimated in Equation 7 by time and show in Figure 12 that the

diffusion of knowledge measured by citations made to the entrant’s patents has a signifi-

cant increase only after the entry. While the average pre-entry citations show no difference

between the treatment groups and control groups.

Summing up the analysis in this part, I find that local inventors tend to make more

citations to patents owned by the entering firm. Also, there is a clear time pattern for such

behaviors. Specifically, local inventors increasingly cite the entering firm’s patents after the

entry, which suggest the existence of knowledge diffusions among local inventors in post-entry

periods.

4.2 Technological Proximity

My main empirical finding is that following the entry of a firm, local inventors in the chosen

CZs produce more patents and also more important patents measured by citation-based

proxies, relative to local inventors in the CZs that narrowly lost the location competition

for the firm headquarters. What’s more, I show there exist knowledge diffusions from the

entering firms to local inventors. Can such knowledge transmissions be the mechanism that

explains the productivity gains estimated in previous analysis? In the following subsections,

I explore heterogeneity in the entry effects to test knowledge spillovers as the channels.
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Variable Definition In order to measure the technological proximity of local inventors

with the entering company, I exploit inventor-level data in different technology classes to

locate inventors and the entering firm in a multidimensional technology space, based on the

method first used by Jaffe (1986). Then I calculate the uncentered correlation between the

entering firm j and each local inventor i. Specifically, I use the average share of patents in each

technology class over the period covered by the patent sample as a measure of technological

activity. So for each inventor, I will have a vector of patent shares, denoted as Vi. Also, I

have such a vector Vj for each entering firm. A basic technology closeness measure can be

computed as:

Proximityi;j =
(TiT

0
j )

(TiT
0
i )

1=2(TjT
0
j )

1=2

The index ranges between zero and one. A higher value indicates the inventor is “closer”

to the entering firm in the technology space. Here, technology classes are defined by techno-

logical subcategories in Hall et al. (2001a). This is the measure most widely used to measure

technological distance. It is also called the cosine distance or uncentered correlation index.

It measures to what degree the vectors point in the same direction, controlling for the length

of the vector. The reason to use the standard Jaffe measure is that it has a nice property,

robust to aggregation. Because the Jaffe measure is an (uncentered) correlation, rather than

covariance, between the vectors Ti and Tj, the index is less sensitive to the aggregation of

technology fields.

Results A rich group of literature has established that locating close in technology space is

associated with larger knowledge spillovers (Bloom et al. (2013), Moretti (2004), Kantor and

Whalley (2014)). Thus, if entry effects work through knowledge spillovers, I should observe

a stronger treatment effect on inventors who are technologically closer to the entering firm.

Specifically, I estimate the following equation:

Yilcte = �PostTreatilcte � Proximity + �PostTreatilcte + �Proximity + �Postilcte

+
Treatilcte + �Xilcte + �CZlt + FEs+ �ilcte
(8)

Proximity is the technological proximity measure developed in Jaffe (1986). The coeffi-

cient of interest is �, which is the coefficient on the triple interaction. The results are shown

in Table 21. In Column 1, the dependent variable represents the number of patents that the

inventor i applied in year t. In Column 2, the dependent variable represents the number of

patents that the inventor i applied in year t, adjusted for the number of co-inventors in each

patent. In Column 3, the dependent variable represents the number of top patents that the

inventor i applied in year t. In Column 4, the dependent variable represents the number of
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citations received by patents that the inventor i applied in year t. Across all specifications, I

find a significant positive estimator of �. The results suggest that the estimated entry effects

are larger for local inventors who are technologically close to the entering firm. For example,

in Column 1, a one-standard-deviation increase in the inventors’ technological proximity to

the entering firm is associated with an increase of 0.022 patent counts, representing a 3.3%

increase. The results provide support for the notion that knowledge spillovers occur between

local inventors and the entering firm that use similar technology, which contributes to the

positive entry effects on productivity of local inventors.

Table 21 [INSERT TABLE HERE]

4.3 Knowledge Spillover and Network Centrality

While the result from the analysis of technological proximity supports the story of knowledge

spillover, it is also in line with alternative explanations. For instance, it could be that

local inventors that are technologically closer to the top innovative firm can pick up more

innovation opportunities if the entry of a top innovative firm causes an increase in demand

for close technology. In this case, knowledge spillover might play no role in the increase

of incumbent innovation productivity. Thus, to overcome the problem, I employ another

measure of proximity: network closeness.

Network closeness is a concept from social network. Marshall is among the first to notice

that social interactions among workers create learning opportunities that enhance their pro-

ductivity (1890). The challenge with this channel is that economists cannot directly observe

communications, discussions, or gossip among workers. But we notice that information and

network structures can play an important role in diffusing information, and determining

herding and learning. It has been long established in the literature that social connections

provide an effective channel for information exchange, allowing the transmission of knowl-

edge, ideas, and private information (Jackson (2010), Engelberg et al. (2012), Allen and

Babus (2010), Ellison and Fudenberg (1995)).

I empirically model the inventor network using patent data. Specifically, I create a

network representing proprietorship over the period from 1980 to 2012. In the social network,

individuals consist of nodes, and form links to other individuals through co-inventorship. The

nodes and links form the network. I assume that once formed, social connections continue to

exist until one party of the pair dies. Thus, the network is monotonically larger over time.

A network-center individual is better positioned for information access because a central

position makes it possible to reach other individuals more efficiently. Here, the network

metric I employ in this analysis is closeness. Closeness is calculated as the reciprocal of the
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average of the shortest path (geodesic) distances from a particular node to all other nodes.

Specifically, for a local inventor i, and a set of inventor j from the entering firm, a basic

closeness measure can be computed as:

Closenessi;j =
1∑

y d(y; x)

where d(y; x) is the length of the shortest path between x and y, and
∑

y d(y; x) is the

average of the length of shortest paths between one node (the sample inventor) and all other

nodes (inventors of the entering firm). The index ranges between zero and one. A higher

value indicates the inventor is “closer” to the entering firm in the technology space. It can

be thought of as a measure of how long it takes information to spread from a particular node

to other nodes in the network. The higher the closeness value of a particular node, the faster

the information will spread from that node to other nodes. In a word, closeness measures

how efficiently an individual can obtain information from other individuals in the network.

For the robustness check, I use the degree of centrality, capturing the relative importance of

a node or an edge in a graph, and the results are consistent.

Results The Table 22 presents summary statistics on two measures of proximity, and

their correlation coefficient. The correlation between Network Closeness and Technological

Proximity is very low, which means they are capturing different dimensions of inventor

characteristics.

Table 22 [INSERT TABLE HERE]

If entries affect inventors through knowledge spillovers, those who are socially closer to

the entering firm should benefit more. To test this hypothesis, I estimate the following

equation:

Yilcte = �PostTreatilcte �NetworkCloseness+ �PostTreatilcte + �NetworkCloseness

+�Postilcte + !StockTopPetents+ �Proximity + 
Treatilcte + �Xilcte + �CZlt + FEs+ �ilcte
(9)

The coefficient of interest is �, which is the coefficient on the triple interaction. The

results are shown in Table 23 and 24. Across all specifications, I find a significant positive

estimator of �. The results suggest that the estimated entry effects are larger for local

inventors who are socially close to the entering firm. For example, in Table 23 Column 1,

a one-standard-deviation increase in the inventors’ technological proximity to the entering

firm is associated with an increase of 0.059 patent counts, representing an 8.7% increase.
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Also, in Table 24, I find a significant positive impact of network closeness on the degree of

entry effects, as suggested by the coefficients in the first row. The results provide support

for the notion that knowledge spillovers occur between local inventors and the entering firm

that is more socially connected through coinventorship, which contributes to the positive

entry effects on productivity of local inventors.

Table 23 [INSERT TABLE HERE]

Table 24 [INSERT TABLE HERE]

4.4 Alternative Channels

Innovation Incentives One alternative is the innovation incentive story. The inventors

who are socially close to those top innovative entrants might also be located in the technology

frontier, and thus, become more incentivized to innovate more, as they know they can survive

entry by innovating successfully. To distinguish the knowledge spillovers from such incentive

stories, I explicitly control innovation incentives by constructing a patent-based measure

of distance to the frontier. Specifically, I calculate a time-varying variable, the Stock of

Top Patents, using the cumulative quantity of top patents that inventors have, to proxy for

their distance to the technology frontier. The measure can identify leading inventors who

have a stronger incentive to innovate following the innovative entry since their return from

innovation is higher (Aghion and Jaravel (2015)). The more top patents they own, the closer

to the frontier they are.

In the regressions, as shown in Table 25, I explicitly add Stock of Top Patents as a control

variable to check whether the findings in the last section still hold. Across all specifications,

I find a significant positive estimator of �. Also, the magnitudes of �s are very close to

those in Table 23. The consistent results reveal that innovation incentives account for little

entry effects captured in this analysis. It suggests that knowledge spillovers through the

social connection established by coinventorship explain the positive entry effects on the

productivity of local inventors, after controlling for innovation incentives.

Table 25 [INSERT TABLE HERE]

Labor Mobility Another concern is that network closeness could be just capturing ben-

efits from changing jobs after the entry shocks. For example, inventors who are socially

closer to the entering firm can pick up the better opportunity of job-hopping, not necessarily
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related to knowledge spillovers. To alleviate the concern, I focus on inventors staying at the

same job after the entry. I repeat the previous study and results from the subsample are

shown in Table 26. The subsample studies suggest that after shutting down the channel of

moving across firms, the results are still consistent with the previous analysis. Knowledge

spillovers do explain the higher productivity gained by local inventors after the innovative

entry.

To sum up, the findings in the sections suggest that knowledge spillovers happen through

social connections and the estimates show that knowledge spillovers are at least in part

responsible for entry effects.

Table 26 [INSERT TABLE HERE]

5 Conclusions

The existence of spillovers to incumbents has tremendous practical relevance. Usually, large

firms are offered substantial subsidies by local governments, who compete for the firm lo-

cation using substantial money from taxpayers. Whether the return can justify the use of

taxpayer money highly depends on the existence and the magnitude of such spillovers.

In this paper, I test for the existence of entry effects on local inventors and estimate

the magnitude of spillovers by exploiting the inter-temporal variation in patenting activities

between local inventors residing in the winning CZs and those in the runner-up CZs. I

find that treated and control groups have similar trends prior to the entry, while the local

inventors in the chosen CZs have better patenting outcomes after the entry, in both quality

and quantity dimensions.

Furthermore, I show that such entry effects are at least partially driven by knowledge

spillovers. Treatment effects on citations indicate knowledge diffusion exists. By investigat-

ing the cross-sectional heterogeneity, I find that the estimated entry effects are larger when

inventors are technologically or socially closer to the entering firms, which is consistent with

intellectual externalities.

Future work to explore the knowledge spillovers among inventors might include a study

of their compensation, which can answer questions like, whether and how their compensation

has internalized the knowledge diffusion through inventor network beyond the boundaries of

the firm, and how to incentivize such dynamic learning between individuals.
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6 Figures

Figure 8: Time Pattern of the Entry Effects: Patent Counts. This figure plots the
estimated diff-diff coefficients for �j in Equation 7. The dependent variable represents the
number of patents that the inventor i applied in year t. Vertical lines represent a 99%, 95%
90% confidence interval constructed using standard errors clustered at the inventor level.
Reference year is the year before the firm entered.

Figure 9: Time Pattern of the Entry Effects: Adj-Patent Counts. This figure plots
the estimated diff-diff coefficients for �j in Equation 7. The dependent variable represents
the number of patents that the inventor i applied in year t, adjusted for the number of
co-inventors in each patent. Vertical lines represent a 99%, 95% 90% confidence interval
constructed using standard errors clustered at the inventor level. Reference year is the year
before the firm entered.
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Figure 10: Time Pattern of the Entry Effects: Top-Patent Counts. This figure plots
the estimated diff-diff coefficients for �j in Equation 7. The dependent variable represents
the number of top patents that the inventor i applied in year t. Vertical lines represent a
99%, 95% 90% confidence interval constructed using standard errors clustered at the inventor
level. Reference year is the year before the firm entered.

Figure 11: Time Pattern of the Entry Effects: Adj-Citations Received. This figure
plots the estimated diff-diff coefficients for �j in Equation 7. The dependent variable repre-
sents the number of adjusted citations received by patents that the inventor i applied in year
t. Vertical lines represent a 99%, 95% 90% confidence interval constructed using standard
errors clustered at the inventor level. Reference year is the year before the firm entered.
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Figure 12: Time Pattern of the Entry Effects: Citations Made. This figure plots the
estimated diff-diff coefficients for �j in Equation 7. The dependent variable represents the
number of citations made to patents owned by the entering firms by the inventor i applied
in year t. Vertical lines represent a 99%, 95% 90% confidence interval constructed using
standard errors clustered at the inventor level. Reference year is the year before the firm
entered.
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7 Tables

Table 15:
Headquarter Locations and Innovation Activities

The table reports the summary statistics on the fractions of inventors residing in the CZs of the �rm
headquarters. Panel A and Panel B count inventors in the �rm and identify those who lived in the CZs
of the �rm headquarters, while Panel C and Panel count patent-weighted inventors to account for the
contribution they made.

Summary Statistics: Fractions of inventors residing in the same CZ as the firm headquarters
Panel A: Inventors (Full sample)
Variable N Mean Std Dev 25th Median 75th 90th
same cz ratio 4251 0.46 0.35 0.09 0.48 0.75 1.00
total inventor 4251 135.62 857.31 4.00 12.00 42.00 155.00

Panel B: Inventors (Top 10% firms in terms of total number of inventors)
Variable N Mean Std Dev 25th Median 75th 90th
same cz ratio 426 0.41 0.24 0.24 0.42 0.59 0.74
total inventor 426 1156.74 2486.11 228.00 418.00 915.00 2371.00

Panel C: Patent-weighted inventors (Full sample)
Variable N Mean Std Dev 25th Median 75th 90th
same cz ratio 4251 0.47 0.37 0.05 0.50 0.81 1.00
total inventors (patent-weighted) 4251 569.68 4598.15 6.00 26.00 117.00 486.00

Panel D: Patent-weighted inventors (Top 10% firms in terms of total number of patent-weighted inventors)
Variable N Mean Std Dev 25th Median 75th 90th
same cz ratio 426 0.43 0.29 0.19 0.42 0.68 0.83
total inventors (patent-weighted) 426 5141.96 13713.60 835.00 1516.50 4401.00 9169.00
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Table 16:
Summary of Headquarters Contests

This table shows summary of headquarters contests used in this paper. There are 12 cases in total, ranging
from 1987 to 2005. For each case, at least one runner-up CZ can be identi�ed.

Company Year Winner Runner-up 1 Runner-up 2 Runner-up 3

Baader 2002 Kansas City, KS Boston, MA Seattle, WA

BASF 1987 RTP, NC Morris, NJ

Boeing 2001 Chicago, IL Dallas, TX Denver, CO

Freescale 2005 Austin, TX Chicago, IL Dallas, TX Phoenix, AZ

Grundfos 2001 Olathe, KS Indianapolis, IN

Hyundai 2003 Ann Arbor, MI Montgomery, AL

Internap Network Services 2001 Atlanta, GA Tysons Corner, VA Denver, CO

Level 3 Communications 1998 Broomfield, CO Boston, MA Washington, DC

Michelin 1991 Mecklenburg, NC Summit, OH

Mitsubishi Heavy Industries 2001 Lake Mary, FL Pensacola, FL Tampa, FL

Nokia 2004 Harrison, NY Stamford, CT

Vestas 2002 Portland, OR Sacramento, CA
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Table 17:
Summary Statistics

This table shows summary statistics of the patent level and inventor level ranging from 1976 to 2012. Number
of Patents is de�ned as the number of patents applied for by an inventor during the period. Adj-patents
is number of patents adjusted by number of coinventors. Raw Citations is the total number of citations
received by an inventor. Adjusted citations is citations normalized by the average number of citations in a
given grant year, adjusted by number of coinventors. Raw Citations is the total number of citations made
by an inventor. Top patents is de�ned as a patent that is in the top 10% of citations in a given technology
class and year. Panel E shows the mean di�erence of local economy conditions between winning CZs and
runner-up CZs in pre-entry periods.

Panel A: Summary statistics for patenting outcomes - Patent level (All U.S. Patents)

mean sd p50 count

sum citation 10.678 20.763 5.000 2334869

adj citation 1.183 2.990 0.541 2334869

top 0.122 0.327 0.000 2334869

N 2334869

Panel B: Summary statistics for patenting outcomes - Inventor level

All U.S. Inventors In-sample Inventors

mean sd mean sd

Patent Counts 3.362 7.753 11.334 16.053

Adj-Patent Counts 1.622 3.852 4.892 7.979

Raw Citation Received 37.490 146.373 125.243 318.603

Adj-Citation 1.919 8.687 6.923 20.154

Top-Patent Counts 0.455 1.912 1.805 4.239

Raw Citation Made 64.865 411.145 270.246 831.050

N 1406413 65794

Panel C: Comparison of patenting outcomes - Inventor level

Control group Treatment group

mean sd mean sd

Patent Counts 11.709 15.640 12.059 17.740

Adj-Patent Counts 5.073 7.929 5.247 8.738

Raw Citation Received 139.537 328.095 126.461 346.911

Adj-Citation 7.476 19.902 7.325 23.003

Top-Patent Counts 1.963 4.246 1.857 4.708

Raw Citation Made 284.749 762.796 295.754 1023.147

N 53778 25936
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Table III Continue

Panel D: Summary statistics for in-sample patenting outcome - Inventor-year Level

mean sd median count

Patent 0.688 1.606 478284

Patent adjusted 0.289 0.786 478284

Citation 3.361 16.076 478284

Citation adjusted 0.444 2.112 478284

Patent top 0.127 0.548 478284

N 478284

Panel E: Mean-comparison of CZs by winner status in pre-entry periods

diff.

Population 34114.4 (0.67)

Income percapita 1159.8 (0.96)

Population growth -0.00605��� (-3.89)

Income growth -0.00312 (-0.59)

Govt expenditure percapita -0.00572�� (-2.67)

Fed Funding for S&E percapita 0.000493 (0.42)

Fraction of PhD Recipients 0.00000145 (0.49)

N 186
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Table 18:
Firm Entry and Innovation Outcomes of Local Inventor: Patent Counts

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. In Panel A, the dependent variable represents the number of patents that the inventor i applied
in year t. In Panel B, the dependent variable represents the number of patents that the inventor i applied
in year t, adjusted for the number of co-inventors in each patent. Post-treatment is a dummy equal to one
in the post-entry years for inventors who lived in the CZ that won in the Headquarter site search. Column
1 reports results from the Poisson regression and Column 2-4 report ordinary least square (OLS) estimates
for the Linear model. For all speci�cations, I include inventor �xed e�ects, case �xed e�ect, and di�erent
combinations among technology class �xed e�ects, year �xed e�ects, CZ �xed e�ects, CZ*Tech class �xed
e�ects and Year*Tech �xed e�ects. Standard errors allow for serial correlation through clustering by inventor.
The corresponding standard errors are reported in parentheses. Signi�cance levels are indicated by �, ��,
and ��� and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

Poisson Linear

Panel A: Dep. varirable=Patent Counts (1) (2) (3) (4)

post treatment 0.108��� 0.046��� 0.046��� 0.027���

(0.014) (0.009) (0.009) (0.010)

treat -0.087��� -0.046�� -0.044�� -0.036��

(0.021) (0.018) (0.018) (0.018)

post -0.073��� -0.033��� -0.033��� -0.026���

(0.010) (0.007) (0.007) (0.007)

stock -0.011��� -0.051��� -0.052��� -0.051���

(0.002) (0.004) (0.003) (0.004)

population 0.000��� 0.000��� 0.000��� 0.000���

(0.000) (0.000) (0.000) (0.000)

Income percapita -0.000��� -0.000��� -0.000��� -0.000

(0.000) (0.000) (0.000) (0.000)

Govt expenditure percapita -2.814��� -3.392��� -3.391��� -2.903���

(0.782) (0.449) (0.449) (0.453)

Fed SEFunding percapita -6.812 -1.634 -1.550 2.373

(4.841) (2.852) (2.859) (2.852)

PhD Recipients/population -30416.392��� -21530.865��� -21491.605��� -17900.485���

(5407.111) (3219.059) (3217.105) (3159.834)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes No

Tech FE Yes Yes No No

CZ FE Yes Yes No Yes

Inventor FE Yes Yes Yes Yes

CZ*Tech FE No No Yes No

Year*Tech FE No No No Yes

No. of observations 876854 876854 876854 876854

Adj. R-Square 0.306 0.307 0.308

Avg Dep Var 0.682 0.682 0.682 0.682
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Table II Continue

Poisson Linear

Panel B: Dep. varirable=Adjusted Patent Counts (1) (2) (3) (4)

post treatment 0.116��� 0.026��� 0.026��� 0.018���

(0.016) (0.005) (0.005) (0.005)

treat -0.084��� -0.028��� -0.028��� -0.025���

(0.027) (0.010) (0.009) (0.010)

post -0.065��� -0.010��� -0.010��� -0.006�

(0.012) (0.003) (0.003) (0.003)

stock -0.011��� -0.024��� -0.024��� -0.024���

(0.002) (0.002) (0.002) (0.002)

population 0.000��� 0.000��� 0.000��� 0.000���

(0.000) (0.000) (0.000) (0.000)

Income percapita -0.000��� -0.000 -0.000 -0.000

(0.000) (0.000) (0.000) (0.000)

Govt expenditure percapita -0.376 -0.834��� -0.833��� -0.660���

(0.964) (0.235) (0.235) (0.240)

Fed SEFunding percapita -12.304�� -2.330� -2.297 -0.819

(5.481) (1.415) (1.417) (1.427)

PhD Recipients/population -31077.938��� -10477.820��� -10462.203��� -8979.505���

(6064.984) (1565.359) (1564.986) (1546.594)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes No

Tech FE Yes Yes No No

CZ FE Yes Yes No Yes

Inventor FE Yes Yes Yes Yes

CZ*Tech FE No No Yes No

Year*Tech FE No No No Yes

No. of observations 876854 876854 876854 876854

Adj. R-Square 0.306 0.307 0.307

Avg Dep Var 0.282 0.282 0.282 0.282
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Table 19:
Firm Entry and Innovation Outcomes of Local Inventor: Patent Quality

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors, focusing on the patent quality. In Column 1-3, the dependent variable represents the number
of top patents that the inventor i applied in year t. Top patent is de�ned for a patent in the top 10% of
patents from the same year and technology class in terms of citations received. In Column 4-6, the dependent
variable represents the number of citations received by patents that the inventor i applied in year t. Citation
count is scaled by the average citation count for all other patents granted in the same year. Post-treatment is
a dummy equal to one in the post-entry years for inventors who lived in the CZ that won in the Headquarter
site search. For all speci�cations, I include inventor �xed e�ects, case �xed e�ect, and di�erent combinations
among technology class �xed e�ects, year �xed e�ects, CZ �xed e�ects, CZ*Tech class �xed e�ects and
Year*Tech �xed e�ects. Standard errors allow for serial correlation through clustering by inventor. The
corresponding standard errors are reported in parentheses. Signi�cance levels are indicated by �, ��, and ���

and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

Dep.var=Top Patent Counts Dep.var=Adjusted-Citations Received

(1) (2) (3) (4) (5) (6)

post treatment 0.018��� 0.018��� 0.015��� 0.046��� 0.047��� 0.037���

(0.003) (0.003) (0.003) (0.013) (0.013) (0.014)

treat -0.009� -0.009� -0.010� -0.030 -0.030 -0.020

(0.005) (0.005) (0.005) (0.022) (0.022) (0.022)

post -0.026��� -0.026��� -0.024��� -0.052��� -0.052��� -0.047���

(0.002) (0.002) (0.002) (0.009) (0.009) (0.009)

stock -0.017��� -0.017��� -0.017��� -0.055��� -0.056��� -0.055���

(0.001) (0.001) (0.001) (0.004) (0.004) (0.004)

population 0.000�� 0.000�� 0.000�� 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Income percapita -0.000��� -0.000��� -0.000��� -0.000��� -0.000��� -0.000���

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Govt expenditure percapita -0.420��� -0.420��� -0.277�� -0.808 -0.807 -0.264

(0.128) (0.128) (0.131) (0.579) (0.579) (0.583)

Fed SEFunding percapita 0.925 0.947 1.574� -7.604�� -7.529�� -2.313

(0.833) (0.834) (0.849) (3.695) (3.696) (3.734)

PhD Recipients/population -3601.125��� -3590.964��� -3350.568��� -23308.037��� -23272.737��� -19996.923���

(996.358) (996.415) (1006.128) (5037.157) (5038.417) (4955.317)

Inventor controls Yes Yes Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes Yes Yes

Case FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes No Yes Yes No

Tech FE Yes No No Yes No No

CZ FE Yes No Yes Yes No Yes

Inventor FE Yes Yes Yes Yes Yes Yes

CZ*Tech FE No Yes No No Yes No

Year*Tech FE No No Yes No No Yes

No. of observations 876854 876854 876854 876854 876854 876854

Adj. R-Square 0.236 0.236 0.236 0.242 0.242 0.243

Avg Dep Var 0.107 0.107 0.107 0.398 0.398 0.398
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Table 20:
Knowledge Spillovers: Citations Made to Patents Belonging to Entering Firms

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. The dependent variable represents the number of citation, scaled by the patent counts, that the
inventor i made to the patenting belonging to the entering �rm in year t. The sample include inventor-year
observations where at least one patent is applied. Post-treatment is a dummy equal to one in the post-entry
years for inventors who lived in the CZ that won in the Headquarter site search. For all speci�cations,
I include inventor �xed e�ects, case �xed e�ect, and di�erent combinations among technology class �xed
e�ects, year �xed e�ects, CZ �xed e�ects, CZ*Tech class �xed e�ects and Year*Tech �xed e�ects. Standard
errors are clustered at the CZ*Tech class level. Standard errors allow for serial correlation through clustering
by inventor in column 2-4. The corresponding standard errors are reported in parentheses. Signi�cance levels
are indicated by �, ��, and ��� and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

Dep.var=Total Citations to Entering Firm
Number of Patents

(1) (2) (3) (4)

post treatment 0.00480��� 0.00432��� 0.00434��� 0.00374���

(0.002) (0.001) (0.001) (0.001)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes No

Tech FE Yes Yes No No

CZ FE Yes Yes No Yes

Inventor FE No Yes Yes Yes

CZ*Tech FE No No Yes No

Year*Tech FE No No No Yes

No. of observations 306476 303085 303085 303085

Adj. R-Square 0.011 0.267 0.267 0.267

Avg Dep Var 0.00931 0.00924 0.00924 0.00924
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Table 21:
Knowledge Spillovers: Entry Effects Depending on Technological Proximity

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. In Column 1, the dependent variable represents the number of patents that the inventor i applied
in year t. In Column 2, the dependent variable represents the number of patents that the inventor i applied
in year t, adjusted for the number of co-inventors in each patent. In Column 3, the dependent variable
represents the number of top patents that the inventor i applied in year t. In Column 4, the dependent
variable represents the number of citations received by patents that the inventor i applied in year t. Proximity
is the technological proximity measure developed in Ja�e (1986). Post-treatment is a dummy equal to one
in the post-entry years for inventors who lived in the CZ that won in the Headquarter site search. For
all speci�cations, I include inventor �xed e�ects, case �xed e�ect, technology class �xed e�ects, year �xed
e�ects, and CZ �xed e�ects. Standard errors allow for serial correlation through clustering by inventor. The
corresponding standard errors are reported in parentheses. Signi�cance levels are indicated by �, ��, and ���

and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

(1) (2) (3) (4)

Dep.var= Patent Counts Adjusted Patent Counts Top Patent Counts Adj-Citations Received

post treatment*proximity 0.097��� 0.043��� 0.024�� 0.028

(0.035) (0.017) (0.010) (0.045)

post treatment 0.023� 0.016��� 0.013��� 0.040��

(0.012) (0.006) (0.004) (0.016)

proximity -0.043�� -0.013 0.002 0.040�

(0.021) (0.010) (0.005) (0.021)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Tech FE Yes Yes Yes Yes

CZ FE Yes Yes Yes Yes

Inventor FE Yes Yes Yes Yes

No. of observations 876854 876854 876854 876854

Adj. R-Square 0.306 0.306 0.236 0.242

Avg Dep Var 0.682 0.282 0.107 0.398
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Table 22:
Summary Statistics: Technological Proximity and Network Closeness

This table shows summary statistics on two measures of proximity, and their correlation coe�cient. Prox-
imity is the technological proximity measure developed in Ja�e (1986). Network Closeness is a measure of
centrality in a network, calculated as the reciprocal of the average of the length of the shortest paths between
the node (the sample inventor) and all other nodes (inventors of the entering �rm) in the graph.

Panel A: Summary Statistics for Measures of Proximity

Measures Descriptions Mean SD Median Correlation

Technology proximity
The uncentered correlation coefficients between the

location vectors in technology space (Jaffe (1986))
0.183 0.234 0.07

-0.174

Network closeness

A measure of centrality in the coinventorship network,

calculated as the reciprocal of the average of the length of

the shortest paths between one node (the sample inventor)

and all other nodes (inventors of the entering firm).

0.042 0.015 0.038
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Table 23:
Knowledge Spillovers: Entry Effects Depending on Network Closeness

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. In Column 1, the dependent variable represents the number of patents that the inventor i applied
in year t. In Column 2, the dependent variable represents the number of patents that the inventor i applied
in year t, adjusted for the number of co-inventors in each patent. In Column 3, the dependent variable
represents the number of top patents that the inventor i applied in year t. In Column 4, the dependent
variable represents the number of citations received by patents that the inventor i applied in year t. Network
Closeness is a measure of centrality in a network, calculated as the reciprocal of the average of the length of
the shortest paths between the node (the sample inventor) and all other nodes (inventors of the entering �rm)
in the graph. Proximity is the technological proximity measure developed in Ja�e (1986). Post-treatment is
a dummy equal to one in the post-entry years for inventors who lived in the CZ that won in the Headquarter
site search. For all speci�cations, I include inventor �xed e�ects, case �xed e�ect, technology class �xed
e�ects, year �xed e�ects, and CZ �xed e�ects. Standard errors allow for serial correlation through clustering
by inventor. The corresponding standard errors are reported in parentheses. Signi�cance levels are indicated
by �, ��, and ��� and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

(1) (2) (3) (4)

Dep.var= Patent Counts Adjusted Patent Counts Top Patent Counts Adj-Citations Received

post treatment*network closeness 3.590��� 1.568��� 0.507��� 3.033���

(0.522) (0.234) (0.156) (0.619)

post treatment -0.134��� -0.047��� -0.006 -0.089���

(0.022) (0.010) (0.007) (0.027)

network closeness 4.876��� 1.943��� 0.779��� 3.389���

(0.587) (0.304) (0.180) (0.790)

proximity -0.038�� -0.011 0.004 0.043��

(0.019) (0.009) (0.005) (0.020)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Tech FE Yes Yes Yes Yes

CZ FE Yes Yes Yes Yes

Inventor FE Yes Yes Yes Yes

No. of observations 836044 836044 836044 836044

Adj. R-Square 0.305 0.298 0.230 0.222

Avg Dep Var 0.674 0.277 0.106 0.389
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Table 24:
Knowledge Spillovers: Citations Made and Network Closeness

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. The dependent variable represents the number of citation, scaled by the patent counts, that the
inventor i made to the patenting belonging to the entering �rm in year t. The sample include inventor-year
observations where at least one patent is applied. Network Closeness is a measure of centrality in a network,
calculated as the reciprocal of the average of the length of the shortest paths between the node (the sample
inventor) and all other nodes (inventors of the entering �rm) in the graph. Proximity is the technological
proximity measure developed in Ja�e (1986). Post-treatment is a dummy equal to one in the post-entry
years for inventors who lived in the CZ that won in the Headquarter site search. For all speci�cations,
I include inventor �xed e�ects, case �xed e�ect, technology class �xed e�ects, year �xed e�ects, and CZ
�xed e�ects. Standard errors allow for serial correlation through clustering by inventor. The corresponding
standard errors are reported in parentheses. Signi�cance levels are indicated by �, ��, and ��� and correspond
to the 10%, 5%, and 1% signi�cance levels, respectively.

Dep.var=Total Citations to Entering Firm
Number of Patents

(1) (2) (3) (4)

post treatment*network closeness 0.404��� 0.184�� 0.187�� 0.184��

(0.131) (0.085) (0.085) (0.084)

post treatment -0.012�� -0.003 -0.003 -0.003

(0.006) (0.004) (0.004) (0.004)

network closeness 0.100 -0.089 -0.055 -0.076

(0.082) (0.081) (0.069) (0.081)

proximity 0.053��� 0.013�� 0.014�� 0.013��

(0.015) (0.006) (0.006) (0.006)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes No

Tech FE Yes Yes No No

CZ FE Yes Yes No Yes

Inventor FE No Yes Yes Yes

CZ*Tech FE No No Yes No

Year*Tech FE No No No Yes

No. of observations 291252 287982 287982 287982

Adj. R-Square 0.016 0.270 0.270 0.270

Avg Dep Var 0.00980 0.00972 0.00972 0.00972
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Table 25:
Knowledge Spillovers: Entry Effects Depending on Network Closeness, Control-
ling for Innovation Incentives

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. In Column 1, the dependent variable represents the number of patents that the inventor i applied
in year t. In Column 2, the dependent variable represents the number of patents that the inventor i applied
in year t, adjusted for the number of co-inventors in each patent. In Column 3, the dependent variable
represents the number of top patents that the inventor i applied in year t. In Column 4, the dependent
variable represents the number of citations received by patents that the inventor i applied in year t. Network
Closeness is a measure of centrality in a network, calculated as the reciprocal of the average of the length
of the shortest paths between the node (the sample inventor) and all other nodes (inventors of the entering
�rm) in the graph. Proximity is the technological proximity measure developed in Ja�e (1986). Stock of
Top Patents is a control variable representing the cumulative number of top patents that the inventor i got
in year t. Post-treatment is a dummy equal to one in the post-entry years for inventors who lived in the
CZ that won in the Headquarter site search. For all speci�cations, I include inventor �xed e�ects, case �xed
e�ect, technology class �xed e�ects, year �xed e�ects, and CZ �xed e�ects. Standard errors allow for serial
correlation through clustering by inventor. The corresponding standard errors are reported in parentheses.
Signi�cance levels are indicated by �, ��, and ��� and correspond to the 10%, 5%, and 1% signi�cance levels,
respectively.

(1) (2) (3) (4)

Dep.var= Patent Counts Adjusted Patent Counts Top Patent Counts Adj-Citations Received

post treatment*network closeness 3.526��� 1.542��� 0.526��� 3.062���

(0.511) (0.230) (0.155) (0.623)

post treatment -0.115��� -0.039��� -0.012� -0.098���

(0.022) (0.010) (0.007) (0.028)

network closeness 3.475��� 1.371��� 1.198��� 4.012���

(0.621) (0.313) (0.189) (0.841)

proximity -0.025 -0.006 -0.000 0.036�

(0.019) (0.009) (0.006) (0.021)

Stock TopPatents 0.161��� 0.066��� -0.048��� -0.072���

(0.012) (0.006) (0.004) (0.019)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Tech FE Yes Yes Yes Yes

CZ FE Yes Yes Yes Yes

Inventor FE Yes Yes Yes Yes

No. of observations 836044 836044 836044 836044

Adj. R-Square 0.316 0.307 0.239 0.223

Avg Dep Var 0.674 0.277 0.106 0.389
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Table 26:
Knowledge Spillovers: Entry Effects Depending on Network Closeness,
for Inventors Staying in the Same Job

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. In Column 1, the dependent variable represents the number of patents that the inventor i applied
in year t. In Column 2, the dependent variable represents the number of patents that the inventor i applied
in year t, adjusted for the number of co-inventors in each patent. In Column 3, the dependent variable
represents the number of top patents that the inventor i applied in year t. In Column 4, the dependent
variable represents the number of citations received by patents that the inventor i applied in year t. Network
Closeness is a measure of centrality in a network, calculated as the reciprocal of the average of the length
of the shortest paths between the node (the sample inventor )and all other nodes (inventors of the entering
�rm) in the graph. Proximity is the technological proximity measure developed in Ja�e (1986). Stock of
Top Patents is a control variable representing the cumulative number of top patents that the inventor i got
in year t. Post-treatment is a dummy equal to one in the post-entry years for inventors who lived in the
CZ that won in the Headquarter site search. For all speci�cations, I include inventor �xed e�ects, case �xed
e�ect, technology class �xed e�ects, year �xed e�ects, and CZ �xed e�ects. Standard errors allow for serial
correlation through clustering by inventor. The corresponding standard errors are reported in parentheses.
Signi�cance levels are indicated by �, ��, and ��� and correspond to the 10%, 5%, and 1% signi�cance levels,
respectively.

(1) (2) (3) (4)

Dep.var= Patent Counts Adjusted Patent Counts Top Patent Counts Adj-Citations Received

post treatment*network closeness 1.082�� 0.820��� 0.010 2.936���

(0.521) (0.257) (0.141) (0.565)

post treatment -0.081��� -0.035��� 0.001 -0.134���

(0.023) (0.011) (0.007) (0.026)

network closeness 0.586 0.517 0.537�� 3.168���

(0.946) (0.514) (0.251) (1.106)

proximity -0.027 -0.005 -0.010 0.015

(0.033) (0.015) (0.007) (0.027)

Stock TopPatents 0.174��� 0.071��� -0.078��� -0.154���

(0.011) (0.006) (0.005) (0.029)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Tech FE Yes Yes Yes Yes

CZ FE Yes Yes Yes Yes

Inventor FE Yes Yes Yes Yes

No. of observations 397628 397628 397628 397628

Adj. R-Square 0.309 0.317 0.208 0.195

Avg Dep Var 0.628 0.260 0.093 0.336
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Chapter 3: Seizing Opportunities: Small Businesses,

Social Capital, and Banks

Vojislav Maksimovic, Jing Xue, Liu Yang

Abstract

Why do small businesses exploit business opportunities better in some areas than oth-

ers? In a sample of 1.2 million consumer-facing establishments, social capital predicts the

uptake of risk-free loans controlling for close-by bank branches, income, and education. One

standard deviation increase in the social capital metric accounts for 20 percent of the varia-

tion in uptake across zip codes, surpassing the impact of a bank branch within 1000 yards.

Strong social capital benefits large, low-growth stores in less-dynamic areas, whereas bank

branches benefit small, high-growth stores in more-dynamic areas. Virtual connections have

the greatest effect on uptake in already advantaged locations.



1 Introduction

Why do small businesses exploit business opportunities better in some locations than others?

Are outcomes in a locality, such as growth and profitability, determined by the availability

of investment opportunities and financial intermediation infrastructure, or are they also

modified by the deeper characteristics of localities and the people who live there?

It is now well established that access to loans in specific locations depends on the charac-

teristics of banks and the technology they use for the evaluation of soft and hard information

about potential borrowers (e.g., Petersen and Rajan (1994, 2002), Berger and Udell (1995),

and many others.) Less is known about how the locational characteristics of borrowers affect

their access to financial institutions. There is a growing literature that connects geographic

locations with firm outcomes. Guiso, Sapienza, and Zingales (2004), Glaeser, Kerr, and

Kerr (2015), and Barrios, Hochberg, and Macciocchi (2021), among others, argue that local

culture shapes entrepreneurship. Using a sample of publicly traded firms, Dougal, Par-

sons, and Titman (2015, 2021) find that locations predict firms’ ability to create value, and

Adelino, Ma, and Robinson (2017) show the importance of local firm composition on job

creation. With the recent debate on spatial economic polarization and dispersion in business

dynamism, understanding the relation between the local environment and value creation is

increasingly important.

A major challenge in addressing these questions is the extent to which new investment op-

portunities are endogenous and may vary across localities. In this paper, we take advantage

of a natural experiment by measuring the uptake of a risk-free non-competitive investment

project distributed by the U.S. federal government to small businesses across all locations

in the United States. The scheme, the Payment Protection Plan (PPP), was a forgivable

interest-free loan offered to small businesses throughout the country without material un-

derwriting requirements. Intuitively, the PPP program can be viewed as a real-life analog

of the famous “helicopter money” concept in Friedman (1969).26 It is a “drop” of positive

NPV loans subject to minimal financing frictions. Thus, the uptake of these projects can be

used to identify the predictors of small business dynamism across locations.

Our focus is on the interaction between the social capital in a location and the functioning

of financial intermediaries. Putnam (2001) defines social capital as “connections among

individuals – social connections and the norms of reciprocity and trustworthiness that arise

26\Let us suppose now that one day a helicopter 
ies over this community and drops an additional $1,000
in bills from the sky, which is, of course, hastily collected by members of the community. Let us suppose
further that everyone is convinced that this is a unique event which will never be repeated....." Friedman
and numerous subsequent macro-economists used this mental experiment to analyze aggregate demand and
the liquidity trap.
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from them” and argues that social capital is predictive of a range of social outcomes. In

particular, civic capital, a measure of the community’s adherence to the norms of reciprocity

and propensity to form in-person connections, has been found to predict both entrepreneurial

activities (Guiso, Sapienza, and Zingales (2004)) and the effectiveness of local governments

(Knack (2002)).27 We compare the role of social capital in predicting whether a business takes

up a PPP loan with local or FinTech financial intermediaries, who act as incentivized brokers,

controlling for (a) the immediate local neighborhood of an establishment (agglomeration,

presence of other small independent businesses, level of foot traffic, number of brand vs.

non-brand stores); (b) community demographics (income, education, diversity); and (c)

more broadly, the virtual social ties between the community and other locations.

Our analysis focuses on consumer-facing sectors in the U.S. using highly granular geo-

graphic and performance data on over 1.2 million establishments.28 Retail is of great social

and economic significance, and independently owned retail establishments are ubiquitous

across the country. We find a great deal of heterogeneity in the uptake of PPP at the

county and zip code levels, as well as the very granular census block group and the 200-yard

immediate neighborhood levels. Figure 13 below shows that conditional on industry fixed

effects (based on 4-digit NAICS), the marginal increases in the R-square from adding county

and zip code fixed effects are 0.95% and 1.33%, respectively. In comparison, conditional on

industry and zip code fixed effects, the census tract fixed effects increase the R-square by

3.88%, and adding census block group fixed effects provides an additional 5.72% increase in

the R-square.

Figure 13: Variance Decomposition. The �gure presents the R-square from regressing the indicator of
receiving a PPP loan at the store level on various �xed e�ects. We �rst regress the PPP indicator on industry
�xed e�ects and incrementally add county, zip code, census tract, and census block group �xed e�ects. The
orange bars show the incremental increase in R-square when an additional set of �xed e�ects is added.

27Alesina and Giuliano (2015) provides a review of the literature on culture and economic opportunity.
See also Schoar (2009) for a discussion of di�erent types of entrepreneurship.

28For brevity, we refer to these sectors as \retail" and establishments in these sectors as \stores." We
describe the industries in the Data Section.
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We have four main findings. First, we find that social capital in a locality increases

the uptake of PPP. We consider two main social capital measures: civic capital and social

connections. As Figure 14 illustrates, both measures positively relate to PPP uptake at the

zip-code level after controlling for county-industry fixed effects. Communities with higher

civic capital and strong social connections (proxied by a large percentage of residents par-

ticipating in associations, including civic, business, and sports) have higher rates of PPP.

Between the two measures, civic capital has a more substantial effect. We also find that vir-

tual connections on Facebook, especially those within the same county, predict PPP uptake.

Interestingly, virtual connections do not affect the relation between in-person social capital

and PPP uptake.

Figure 14: Correlation between Social Capital Measures and the PPP Uptake. This �gure shows
the bin-scatter plots of the PPP percentage and our social capital measures at the zip code level, controlling
for county x industry �xed e�ects. We use the Census response rate to measure civic capital (left) and the
percentage of club membership to measure social connections (right).

Second, civic capital is as economically important as the presence of local bank branches.

Increasing the civic capital by one standard deviation increases loan uptake by 5 percent

of the sample mean, controlling for store and neighborhood characteristics and bank access.

The effect of civic capital is higher than having a bank branch within 1000 yards of the store.

Collectively, the two components of social capital explain about 20 percent of the variation

of PPP uptake at the zip-code level.

Third, nearby bank branches and high social capital operate through different channels.

We find evidence of a substitution effect between social connections and the presence of

a nearby local bank branch (within 1000 yards). Connections through local associations,

clubs, and networks can partially substitute banks’ information functions. Similar to in-

person connections, online virtual connections also have a substitution effect for banks. On

the other hand, civic capital and local banks have a complementary effect over some ranges

– local banks’ effect on PPP uptake is relatively higher in areas of moderate civic capital.
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Last, local bank access and social capital benefit different communities. Proximity to

branches of non-community banks is particularly beneficial to small businesses in high-

density locations with high business turnover. By contrast, community bank branches are

associated with higher PPP uptake in less educated and less business-dense areas. Different

components of social capital interact differently with local characteristics in predicting the

uptake of PPP. Civic capital is more strongly associated with PPP uptake in highly educated

neighborhoods with more stores and low business turnover. It also has a bigger effect on

areas with a higher percentage of minorities. By contrast, the prevalence of local associations

has a greater association with PPP in less store-dense neighborhoods with a lower percent-

age of minorities. Virtual connections are associated with higher takeup of PPP in already

relatively advantaged areas, with effects being highest for larger stores in more educated and

faster-growing locations.

We also track the uptake of PPP by lender type. We find that social capital and virtual

connections strongly predict uptake from a local bank branch over FinTech lenders. This

suggests that the effect of social capital is primarily within the local area, and virtual connec-

tions are unlikely to substitute physical bank branches in underserved areas. The presence

of local bank branches, in contrast, predicts higher PPP rates from both banks and FinTech

lenders, suggesting that proximity to banks improves the financial sophistication of business

owners, making them more knowledgeable about financial products and services.

We find similar positive effects using alternative measures of social capital used in the

literature by Barrios, Benmelech, Hochberg, Sapienza, and Zingales (2020), Chetty, Hendren,

Kline, and Saez (2014), and others.29 In addition, we find a smaller independent effect of

local pride - the PPP rate is higher in areas where local residents are more content with the

neighborhood. This is consistent with findings that link satisfaction with higher investment.30

We also find that local distrust of banks reduces stores’ uptake of PPP.

Our results on social capital can be contrasted to Knack (2002), who finds that civic

capital predicts local government efficiency in the US but that connections do not. In our

setting, civic capital is the most important social capital component, but social connections

are also relevant, both statistically and economically. This difference can be rationalized by

the fact that community investment in government quality is a pure public good, whereas

PPP loans are a private good. Thus, while a culture of reciprocity may facilitate optimal

loan uptake, weaker ties, such as simple information sharing through connectedness, may

29See Guiso, Sapienza, and Zingales (2011) for a discussion of social capital metrics used in the literature,
and our results are reported in Appendix C1.

30See Chuluun and Graham (2016) for evidence of the positive relation between local satisfaction and �rm
investment, and Bernstein, Mcquade, and Townsend (2021) who show that risk of personal �nancial distress
reduces innovation at work.
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also do so for some groups.

In summary, we find that small businesses significantly differ in the takeup of positive-

NPV projects across localities in the US, even in the absence of project risk, financial

constraints, or credit risk. Social capital, characterizing how people interact within the

community, has significant explanatory power on the variation, together with predictors of

economically thriving communities, including education, income, and business dynamism.

This implies that the solutions for frictions observed in local financial markets may not stem

only from imperfections of the financial infrastructure, such as how information is processed

within banks but may reflect differences in economic fundamentals across locations. We also

find that a portion of the social capital, such as social connections, can, to some extent,

substitute for the information function of banks, but strong civic capital, which helps small

businesses better exploit opportunities, cannot be easily substituted.

The rest of the paper is organized as follows. Section 2 provides the general framework

and connects our research with existing literature. Section 3 describes the data used in the

paper. Section 4 presents our main results on PPP takeup, and Section 5 examines by lender

type . Section 6 and 7 discuss additional analyses for robustness, and Section 8 concludes.

2 Discussion and Literature Review

2.1 Social Capital

The concept of social capital is elaborated by Sander (2015) as “the collective value of all

social networks (who people know), and the inclinations that arise from these networks to

do things for each other (norms of reciprocity).” As a result, social capital creates “specific

benefits that flow from the trust, reciprocity, information, and cooperation associated with

social networks...[and] creates value for the people who are connected, and for bystanders as

well.”

Several studies have found an association between social capital and economic and finan-

cial development, among the first being Guiso, Sapienza, and Zingales (2004) and Knack

(2002), and more generally, that local culture predicts entrepreneurship (Barrios, Hochberg,

and Macciocchi (2021)). Our work builds on this earlier literature and argues that small

businesses are more likely to take advantage of business opportunities (i.e., exhibiting a

higher level of business dynamism) in locations with high social capital.

In our context, there are two main channels through which social capital might, in prin-

ciple, affect business dynamism. Generalized reciprocity, or civic capital, which Guiso,

Sapienza, and Zingales (2011) define as the “set of values and beliefs that help a group
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overcome the free-rider problem in the pursuit of socially valuable activities”, facilitates the

directed flow of advice and information that lead to fast exploitation of investment oppor-

tunities.31 Following Knack (2002), we measure civic capital by the rate of completion of

the Census form by the population in the location.32 Filling out the Census form is a public

good for the community because it informs long-term decision-making and may increase the

flow of federal resources to community members. However, it is also subject to the free-rider

problem in that it does not offer direct marginal benefits to individuals. This measure is

particularly well suited for our purposes since completing a Census form and completing a

basic loan application are very similar activities, the former producing a public good, and

the latter a clear private benefit.33

A second channel by which social capital facilitates business is information flows across

the community through informal associations and connections. The commonly used so-

cial capital indicators based on Rupasingha, Goetz, and Freshwater (2006) contain several

metrics of connectedness (including participation in local organizations and religious organi-

zations) and have been used by Chetty et al. (2014) and Barrios et al. (2020) among others.

The informational channel of social connections is likely to assume differential importance

depending on the granular aggregation. For example, information is more likely to flow be-

tween stores that are co-located in the same micro-environment and between residents and

stores in areas when a significant portion of store patrons are made of people who live close

by.34

We also consider virtual social connections. Virtual connections, such as Facebook con-

nections, extend interactions from in-person to online and are also likely to transmit in-

formation. Lastly, we consider a more “formal” channel of financial information from local

bank branches, which are incentivized to provide information and support to potential clients

in their localities. We predict that all information channels, including nearby banks, local

social connections, and virtual connections, will likely have substantive effects. How these

information channels affect different types of stores is an open question we address below.

While we expect a positive effect of social capital in predicting PPP uptake, we hypoth-

esize that the effect of each of the components varies by location and store characteristics.

31For evidence that references to social norms a�ect �nancial payments by recipients, see Hallsworth et al.
(2017). For a review of the literature on how the norm of reciprocity shapes economic transactions, see Fehr
and Schurtenberger (2018).

32We use the Census response rate in 2010 in our main analysis to allow the measure to predate the PPP.
Using the 2020 Census gives very similar, albeit somewhat stronger, results.

33Barrios, Benmelech, Hochberg, Sapienza, and Zingales (2020) use another metric, voter turnout, targeted
to picking up civic capital. We use this measure for robustness. The construction of each of our measures is
discussed in the data section below.

34This \economy of agglomeration" has been studied in the literature, for example, by Arzaghi and Hen-
derson (2008), Glaeser and Gottlieb (2009), and Rosenthal and Strange (2020).
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We discuss these interactions below.

2.2 Related Work

The spatial heterogeneity of entrepreneurial firm formation and small business outcomes has

received a great deal of attention (for example, see Moretti (2012), Chatterji et al. (2014),

Autor (2020), Lychagin et al. (2016) Fazio et al. (2021), and Glaeser et al. (2010)). Observers

have noted an increase in the polarization of economic opportunities over time (Economic

Innovation Group (2017)). However, finding an explanation for the observed variation has

been challenging.

Guiso, Sapienza, and Zingales (2004), Glaeser, Kerr, and Kerr (2015), and Barrios,

Hochberg, and Macciocchi (2021), among others, have connected entrepreneurial outcomes

with local culture and social capital in specific contexts of creative instruments. This type

of analysis is challenging in that, as Chatterji, Glaeser, and Kerr (2014) note, “clustering

due to natural advantages being empirically difficult to distinguish from clustering due to

economic interactions among firms.” In particular, it is difficult to separate the effect of lo-

cation from the value of an investment opportunity at that location. By examining the same

forgivable PPP loans offered to all small businesses across the U.S. and using very localized

fixed effects, we can substantially control for this heterogeneity using large samples of very

granular contemporary data.

Multiple aspects of the PPP have been examined by Faulkender et al. (2021), Granja et al.

(2021), Chetty et al. (2020), Bartik et al. (2020a), Bartik et al. (2020b), and Maksimovic

and Yang (2021), among others. Our paper differs from this line of research in that, instead

of focusing on the impact of the PPP on store outcomes, we take the PPP as an exogenous

positive-NPV opportunity available to small enterprises across all locations in the U.S. and

study how social capital, in conjunction with local market characteristics and nearby bank

presence, affects the uptake of these projects. Related to our work, Howell et al. (2021a) and

Chernenko and Scharfstein (2021) examine the differential access to the PPP by minority-

owned businesses. They focus on the ethnicity of the owner rather than on social capital in

the locality.

Our work also builds on the extensive literature that investigates the effects of local

banks on businesses (Black and Strahan (2002), Cetorelli and Strahan (2006), Gilje (2019),

Guiso et al. (2004), and Kerr and Nanda (2009)). Agarwal and Hauswald (2010), Nguyen

(2019), Laderman (2008), and Amel and Brevoort (2005) find that most small businesses

borrow from nearby banks, which suggests that being distant from retail banking locations

can be costly. Our granular data enables us to measure bank branch location precisely,
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and we control for the proximity of bank branches to all stores in our sample. Moreover,

we classify banks by their type (community vs. non-community banks) and identify prior

lending relationships using SBA-guaranteed loans.

Previous research has shown that the proximity of bank branches affects economic out-

comes in underserved and minority communities (Friedline et al. (2018)). Célerier and Ma-

tray (2019) and Brown et al. (2019) point to the benefits of policy initiatives in promoting

bank services in underserved communities. By contrast, Begley and Purnanandam (2021)

and Agarwal et al. (2012) identify possible negative unintended consequences, such as mis-

selling, of mandated increases in the provision of financial services to such localities. Since

the location of bank branches was chosen before the PPP, our treatment variables are not

conditioned on the banks’ evaluation of different localities or potential gains from misselling

PPP loans.

In contrast to cases examined by most existing studies on bank lending to small busi-

nesses, banks that process PPP loans do not assume any credit risk. Thus, critical issues

such as using hard and soft information in underwriting and information asymmetry are not

directly relevant (Peterson and Rajan (1994)), and our analysis can abstract from customer

and client financial liquidity and creditworthiness. As agents, banks play an informational

role in this market. We can thus contrast the role of social capital with the role of profit-

motivated financial intermediaries in predicting the takeup of PPP loans. We can also

compare the effect of social capital on local financial intermediaries with that of FinTech

loan providers.

Our paper is also related to the large literature that shows how small and large businesses

face different constraints (Beck et al. (2005), Haltiwanger et al. (2013)). Decker et al. (2016),

Ayyagari and Maksimovic (2017), and Astebro et al. (2020) discuss declines in business

dynamism in the U.S.

2.3 The Payment Protection Plan

The Payment Protection Plan was a program instituted by the U.S. Federal government to

stabilize the economy following the onset of the 2020 Covid pandemic.35 Specifically, the PPP

was intended to facilitate the support of businesses and employees whose normal function

was disrupted by the pandemic and keep workers attached to employers, thereby mitigating

organizational capital destruction from mass layoffs. As designed, the PPP entitled each

firm to obtain a loan that would be forgiven subject to easily satisfied conditions in return

35The next two paragraphs rely heavily on Faulkender, Jackman, and Miran (2021), and Faulkender (2021),
which contain further discussion of the institutional framework.
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for a minimal investment in filing a free application. We use the uptake rate of PPP across

localities as a measure of business dynamism.

Specifically, the PPP enabled small businesses (500 or fewer employees) to take out

forgivable loans administered through the federal Small Business Administration (SBA) to

cover up to 2.5 months of average payroll in the prior year. To qualify for loan forgiveness,

at least 75% of the loan had to be used on the payroll, and up to 25% could be used on

mortgage interest, rent, and utilities. Originally, borrowers had eight weeks to use the money.

Loans not meeting forgiveness criteria had to be repaid at a 1% interest rate. Over time,

Congress created additional forgivable expenses, and the covered period was extended to up

to 24 weeks. The original appropriation, in early April 2020, was for $350 billion and was

increased to $650 billion later that month. Borrowers were not quantity constrained: when

the enrollment period into PPP ended, $6 billion still remained available.36 It is noteworthy

that, in the end, almost all small loans were forgiven without routine audits.

The loans were administered through the banking system, with additional non-bank

lenders such as FinTech firms. To apply to the program, businesses needed to complete a

two-page application and provide payroll information for 2019 in the form of either 2019

tax filings or payroll documentation. Since the Federal Government guaranteed the loans,

lenders did not have to make any decisions based on the perceived creditworthiness of the

applicant, as would be the case with standard commercial loans.

The PPP clearly provides a positive net value for borrowers. Any business that planned

to keep employees on the payroll (up to the 2019 total payroll level) should find it optimal

to apply and get these employees fully paid for by the Federal Government and use the addi-

tional 25% to pay for rent, utilities, and other allowed expenses, even if the Covid pandemic

reduced demand leading to fewer required workers. Alternatively, it may be optimal for such

businesses to lay off some, especially low-wage employees, who can benefit more from the

unemployment benefit and retain high-wage employees, perhaps granting them temporarily

higher “hazard” pay during the pandemic to maintain the value of the total payroll at 2019

levels.37 In this case, in addition to the direct benefit to the business, there would also be an

additional financial benefit to employees: higher pay to the employees who remained with

the business and an attractive level of federal government unemployment support for those

who were furloughed or let go.

The fact that PPP is a non-rivalrous opportunity eliminates the need to model compet-

36Early in the program, there were issues of access to loans as banks organized to process applica-
tions(Faulkender et al. (2021)). However, by the time the application period ended, these issues had been
eliminated, and surplus funds remained unclaimed.

37PPP requires borrowers to maintain a certain payroll level. To do so, the �rm could also replace its
existing workers with new workers. We discuss this further below.
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itive interactions across firms in predicting PPP uptake. Thus, the variation in the uptake

rate of PPP across the country allows us to examine how local characteristics affect firms’

actions to take advantage of good investment opportunities. Analogously, Bernstein, Colon-

nelli, Iverson, and Hoffman (2022) show that the lack of knowledge of bankruptcy laws,

addressable by providing educational materials, explains why some firms fail to take advan-

tage of the bankruptcy code provisions.

Our identification strategy depends on two assumptions. First, the same project is pre-

sented to firms in all locations. We argue below that PPP’s contractual features, together

with granular spatial fixed effects, satisfy that requirement. Second, we make the plausible

assumption that Covid and PPP shocks were not expected when establishments initially

chose their locations. We use social capital measures and other locational measures that

predate both.

It is possible that our estimates may be subject to omitted variable bias - for example,

a bank office is located in an area where it is easier for its potential customers to access

financial information. The effect of endogenous bank location, if any, is unclear and might

depend on the specifics of the banks’ location decisions.38 To mitigate this potential bias, we

employ granular fixed effects at the Industry � Location levels and obtain consistent results

at different levels of aggregation - county, zip code, census tract, or census block group.

For robustness, we also use machine learning methods to predict local bank presence at the

census block group level.

3 Data

3.1 Foot Traffic from SafeGraph

We construct our sample of small retail businesses using data from SafeGraph. SafeGraph

collects GPS location information from 45 million mobile devices that opted in, about 10%

of total devices in the United States. SafeGraph provides baseline information for 6 million

commercial “points of interest” (POIs) within the U.S., including name, street address, ge-

ographic coordinates, industry classification (6-digit NAICS code), categorical coding, open

hours, brand information, and other business attributes. For each POI, it provides infor-

mation on the number of visits and the average visit length on a daily basis. Thus, we

can observe the nearly real-time store-level foot traffic of businesses and the neighborhood

in which they are located. We focus on establishments from 20 industries (4-digit NAICS)

38See, for example, Ober�eld et al. (2020), for the complex trade-o�s involved in the location of establish-
ments.
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in retail, arts, entertainment, and recreation, accommodation and food services, and ser-

vices that usually operate as brick-and-mortar stores. A list of industries and the sample

distribution can be found in Panel A of Table 28.

To reduce measurement error, we drop stores that recorded fewer than 10 visits in January

2020 and exclude stores that were closed before the start of the pandemic. We also exclude

stores that belong to brands as they may not be eligible for PPP. Our final sample includes

more than 1.2 million independent stores in over 14,000 zip codes from 2,800 counties across

all 50 states and Washington D.C. Table 28 Panel B presents the distribution of stores in

our final sample by state. Figure 15 Panel A presents a heat map of our sample coverage at

the county level.

Figure 15 [INSERT FIGURE HERE]

We use store-level weekly foot traffic data from 2018 to 2020 to capture store and neigh-

borhood characteristics, including size, growth trajectory, and the magnitude of shock ex-

perienced during the COVID pandemic. The main variable we use to capture the shock is

the year-to-year foot traffic, measured as the log difference of the same-store visits relative

to the same week a year ago.

Table 28 [INSERT TABLE HERE]

3.2 Social Capital Measures

Civic Capital Our main measure of civic capital is the completion rate of Census forms

by individuals following Knack (2002). Completing a Census form is an act of cooperation

that is costly to an individual but is beneficial to the locality. As a result, an individual has

a private incentive to free-ride by not completing a form. We collect the tract-level census

response rate directly from the Census Bureau’s website.39 To measure the response rate at

the zip code level, we use the tract-to-zip mapping (based on the residential ratio) to allocate

the number of responses from each tract to corresponding zip code and then divide by the

zip-level population.

We use the voter turnout rate as an alternative measure for civic capital. Voter turnout

is not directly available at the zip code level. Therefore, we construct the zip-level measure

using presidential precinct data for the 2020 general election from Upshot.40 Specifically,

we obtain the coordinates describing the precinct boundaries using the nationwide precinct

39https://www.census.gov/data/datasets/2010/dec/2010-participation-rates.html,

https://www.census.gov/data/developers/data-sets/decennial-response-rates/2020.html
40http://www.nytimes.com/upshot
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map and the coordinates describing the zip boundaries using the nationwide zip code map.

We then aggregate the number of election returns from the precinct level to the zip level and

estimate the zip-level voter turnout rate by taking the ratio of total votes to the voting-age

population (VAP) reported by the US Census.41

Social Connections We measure social connections among individuals within the com-

munity using (1) the percentage of residents that participate in local civic, business, or

sports organizations, (2) the percentage of residents with any religious affiliation, and (3)

the percentage of residents that participate in Parent-Teacher Associations (PTA). Rupas-

ingha et al. (2006) use the participation of local organizations as a proxy for social capital.

Putnam (1995) and Chetty et al. (2014) use the fraction of religious individuals as a proxy

for social capital, and the PTA participation rate is used as a proxy for social capital in

Putnam (2001). We collect these measures from the SimmonsLOCAL Consumer Survey in

2018 at the zip code level, which is based on samples of about 30,000 participants.42 Figure

16 presents the geographic distribution of our social capital measures, including the census

response rate (Census Response Rate) and the percentage of residents who participate in

local associations (Pct. of Membership). There is a significant amount of heterogeneity

across counties. The pairwise correlation among these measures is 38 percent.

Figure 16 [INSERT FIGURE HERE]

We consider two other variables related to the social capital mentioned above. First,

we assess the extent to which local residents express pride in their community (City Pride)

using the Gallup Daily Tracking Survey responses. Gallup Daily tracking survey consists

of responses from 2.9 million interviewees over eight years from 2010 to 2017. We measure

the percentage of respondents who strongly agree with the statement “I am proud of my

community or the area where I live.”43 Second, we consider a targeted measure capturing the

extent to which residents in a location trust banks (Trust of banks) using survey responses

from Simmons LOCAL Consumer Insights.44 Since banks are the primary facilitator of PPP

41The precinct boundaries are in general very accurate but can be rough in no- or very-low-population
places like business parks or uninhabited rural land, and therefore we also winsorize the zip-level total votes
to reduce the in
uence of outliers.

42We calculate the percentage of association participation using the response to three questions: \Do you
belong to any civic clubs?", \Do you belong to any business clubs?" and \Do you belong to any sports
associations?" For religious a�liation, we use the response to the survey question, \Do you belong to any
church, temple, synagogue, or mosque?" For the PTA membership, we use the response to the survey
question, \Do you belong to the PTA?"

43Chuluun and Graham (2016) also use Gallup Daily tracking data. They �nd that the survey response
on average local happiness is positively related to R&D intensity and �rm investment and attribute their
�nding to a higher level of satisfaction and happiness.

44We measure the trust of banks based on the percentage of respondents who strongly agree with the
statement that \I trust banks for making �nancial decisions."
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loans, we expect areas with stronger trust towards banks to experience higher PPP uptake.

Virtual Connections Virtual connections extend social interactions from in-person to on-

line. We obtain Facebook Social Connectedness Index from the Humanitarian Data Ex-

change.45 With 1.96 million daily active users, Facebook is the biggest social networking

platform in the U.S. The index is constructed using a snapshot of Facebook users and their

friendship networks to measure the intensity of connectedness between locations. Locations

are assigned to users based on their information and activity on Facebook. We focus on

Social Connectedness Index at the zip-pair level.

3.3 Bank Access

For PPP lenders, we first locate their bank identifiers in the Call Reports using name and

address matching. We classify large banks as those with total assets of more than $1 billion

by the end of 2019 and use the community bank identifier from the Call reports. Following

Erel and Liebersohn (2020), we define FinTech lenders as unregulated non-bank lenders and

regulated online direct banks.

To identify nearby bank branches, we use the geo-coded address from the Summary of

Deposits (SOD) to calculate the distance between bank branches and stores in our sample

and create indicators for whether bank branches exist within a radius of 200, 500, or 1000

yards from the focal store (D Bank200, D Bank500, D Bank1000.) Faulkender et al. (2021)

show that community banks played an important role in PPP lending. So, we also identify

local community bank branches within a radius of 200, 500, or 1000 yards from the focal

store (D CBank200, D CBank500, D CBank1000). In our sample, about 66% of stores have

access to bank branches within 1000 yards, and 23% of stores have at least one bank branch

within 200 yards. Not surprisingly, the percentage is the highest in urban areas and the

lowest in rural and small towns. To provide alternative measures, we also aggregate the

banking measures at the zip code and county levels.

To capture the local lending environment for small businesses, we obtain data on small

business lending from the 7(a) Loan Program, SBA’s most common loan program, in the past

three years (from 2017 to 2019). Using the geocoded address of loan recipients, we calculate

the percentage of local businesses (within 200 or 500 yards of our focal store) that received

SBA loans (Pct of SBA Loans (200 yards) and Pct of SBA(500 yards))46. On average, about

6.4 percent of 200-yd peers have received at least one SBA loan in the last three years.

45https://data.humdata.org/dataset/social-connectedness-index
46To calculate the percentage, we �rst match local recipient reported by SBA with stores in our sample

using similar algorithms as that used to match PPP loan borrowers. The percentage is calculated as the
ratio between the number of stores that received SBA loans and the total number of stores in the SafeGraph)
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3.4 Matching PPP Loans at the Store Level

We obtain loan-level PPP data from the Small Business Administration (SBA), including

the business name, street address, NAICS code, loan approval date, loan amount, and the

name of the lender who facilitated the loan application and distribution. We then match the

borrowers of PPP loans with stores in SafeGraph using an algorithm based on a metric that

compares business names, street addresses, geographic coordinates, and NAICS codes. First,

we remove punctuation and common suffixes from business names and addresses from both

datasets and merge them based on industry and zip codes to create all possible matches.

Next, we conduct the TF-IDF fuzzy string match and calculate the similarity score for each

possible pair. Since the business name used to apply for PPP loans may not necessarily

be the same as the store name, we assign higher weights to the location information. We

conduct multiple rounds of comparison to find the best match (with the highest similarity

score) and manually check the match quality. More details on the match can be found in

the Appendix.

As our match is based on the physical location with trackable foot traffic, we explicitly

avoid the fraud problem in PPP loans identified by Griffin, Kruger, and Mahajan (2022), who

show that about 12.3% of PPP loans are suspicious based on their algorithm. By matching to

Safegraph, we avoid this issue by requiring the firm to exist in 2019 and imposing minimum

foot traffic criteria for inclusion in the sample.

In our sample, about 20% of non-brand stores received PPP loans. The average percent-

age of PPP uptake at the zip-code level is 18.7%, with a standard deviation of 7.3%. To

obtain our matches, we go through several steps. First, we calculate the PPP takeup rate

based on the number of establishments. We use the total number of establishments from

the Census Zipcode Business Patterns (ZBP) as the denominator; the total number of PPP

loans reported by SBA accounts for 81% of the population.47

Second, we clean the data to avoid loans to businesses without employees and locations

whose loans cannot be matched to the SafeGraph sample. Specifically, in the raw data

reported by the SBA, some loan recipients, such as sole proprietors, independent contractors,

and self-employed, did not have any employees (23%) or physical business establishments

(77%) tracked by SafeGraph. In addition, a small portion of PPP loan recipients has multiple

identical records. Multiple loans inflate the proportion of establishments receiving PPP. After

dropping loans awarded to borrowers without a physical business address and employees,

and cleaning out multiple identical records of the same firm, the ratio of PPP-receiving

establishments (from the adjusted SBA data) to the total number of establishments reported

47Note that some other papers (for example, Cho et al. (2022)) report match rates by employment rather
than the establishment. As small �rms have lower takeup rates, the measure based on stores will be lower.
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by ZBP drops significantly to 39%. We lose more firms by requiring the establishment to

meet a minimum foot traffic requirement in 2019 from SafeGraph to minimize measurement

error and calculate year-to-year foot traffic change.

Once the data is cleaned, the rate of the total number of PPP-receiving establishments

(without matching) over the total number of establishments in SafeGraph in the same in-

dustry and zip code is about 28%. After matching, the rate further drops to 20% when we

enforce a conservative similarity match score. In addition, due to the limitation of name

and address matching, we also miss cases in which the address on the PPP application is

different from the address of the business and when a firm has multiple locations of the same

business but applied for one PPP loan.

As a robustness check, we re-run our main regressions in a subsample of zip codes in which

the deviation between the number of PPP-receiving establishments and the total number of

PPP loans reported by SBA at the zip code is small (i.e., best-matched sample) and find

very similar results. The definition of the best-matched sample and the results are reported

in Appendix Table C6.

3.5 Other Data Sources

Our primary specification includes county-industry fixed effects, so we obtain local charac-

teristics at the zip code level from the Census Bureau. We use Zip Business Patterns (ZBP)

to measure annual statistics for businesses, including the number of establishments, total

employment, and total annual payroll, and use the American Community Survey (ACS) for

information on population, median household income, the number of households, age com-

position, education levels, minority rate, and unemployment rate. We also use the Business

Dynamics Statistics (BDS) to get annual measures of business dynamism, including job cre-

ation and destruction, establishment births and deaths, and firm startups and shutdowns.

We define business turnover as the sum of the percentage of entries and the percentage of

exits. The BDS data is only available at the county level. For some of the analysis, we

control for more granular demographic information at the census-tract level using data from

the American Community Survey (ACS). We standardize all variables to have the mean as

zero and the standard deviation as one.

Table 29 presents the summary statistics of variables used in the paper.

Table 29 [INSERT TABLE HERE]
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4 Main Results

4.1 The Main Effect

As discussed in Section 2, we focus on two channels through which social capital could affect

small business dynamism, such as the takeup of PPP - the generalized reciprocity or civic

capital as defined by Guiso et al. (2011), and social connections and networks as defined

by Putnam (2001). Civic capital facilitates the directed flow of advice and information to

benefit individual shopkeepers and, ultimately, benefit the community through spillovers,

while social connections facilitate business information flow through informal association

and connections.

In Table ??, we estimate the effect of social capital on PPP takeup in a regression setting,

controlling for store and neighborhood characteristics, bank access, and County�Industry
fixed effects. Thus, we control for variations at the county level and focus on the effect of

social capital at the zip code level. These fixed effects also help control for the heterogeneity

in COVID impact and differences in local policies during the pandemic, both of which are

likely to influence PPP takeup. We standardize all measures to have a mean of zero and a

standard deviation of one, so the coefficient can be interpreted as the economic effect given

one standard deviation increase of the corresponding measure.

We find that both civic capital and social connections positively correlate with the PPP

takeup, individually or collectively. The effect of the civic capital, proxied by the census

response rate, has a bigger economic magnitude. One standard deviation increase in the

census response rate increases the PPP takeup by 5 percent of the sample mean. The effect

is bigger than the effect of having a bank branch within 1000 yards of the store. On the other

hand, one standard deviation increase in social connections increases the PPP takeup by 1.3

percent. Both variables remain significant at a one percent level when they are included

in Column 3. Collectively, one standard deviation in the social capital increases the PPP

takeup by 1.2 percentage points (6.4 percent of the sample mean), which accounts for 20%

of the standard deviation of PPP percentage across zip codes.

Table ?? [INSERT TABLE HERE]

In Appendix Table C1, we re-estimate our specification using social capital variables used

in Rupasingha et al. (2006) and other studies.48 We use voter turnover rate, the percentage

of religious affiliation, and the log of donation per capita as proxies for civic capital and

the percentage of PTA membership as a proxy for social connections and find qualitatively

48https://aese.psu.edu/nercrd/community/social-capital-resources
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similar results. Both civic capital and social connections are positively related to the PPP

takeup. In addition, we replicate our study using the composite social capital index from

Rupasingha et al. (2006) from four factors: (1) the aggregate of various civic, religious,

business, labor, and political associations in the county dividend by population per 1000; (2)

voter turnout in the 2012 election; (3) census response rate; and (4) number of non-profit

organizations excluding those with an international approach. As such, it includes elements

of both forms of social capital. We mostly rely on the same data sources and calculate each

factor at the county level to construct the social capital index and find qualitatively similar

results.

Residents who are more satisfied with their localities may be more likely to share business

opportunities and help stores in the neighborhood. Business owners with more trust in banks

may be more likely to apply for PPP loans through financial institutions. When we include

variables for city pride and trust of banks as additional controls, we find that zip codes with

more city pride and greater trust in banks also take more PPP loans. However, including

these variables does not remove the effect (or significance) of our main social capital measures.

Previous papers have shown the critical role of bank access to small business lending.

Agarwal and Hauswald (2010) estimate that the firm’s median distance to the lending branch

is under three miles. Laderman (2008) finds that approximately 90 percent of small business

lending is from banks with branches in the local market using filings from the Community

Reinvestment Act. We find a strong bank effect in PPP takeup. Having access to a local

bank branch significantly increases the likelihood that a store will receive PPP loans, and

the effect is stronger the closer the branch is to the store. For example, stores with at least

one bank branch within 200 yards experience a 9.3 percent higher probability of receiving

PPP loans relative to the sample mean, controlling for local and store characteristics. In

comparison, the effect is about half (5.2 percent) if the bank branch is between 200 and 500

yards and one-third (2.7 percent) if the branch is between 500 and 1000 yards. Community

bank branches provide an additional boost in PPP takeup. The marginal effect of having a

community bank branch in the nearby micro-environment is more than half of the general

bank branch effect.

We also find that prior exposure to small business lending increases the likelihood of

PPP takeup. A store is more likely to receive a PPP loan when neighboring businesses

have borrowed SBA loans in the past. One standard deviation increase in the previous

SBA loan exposure increases the PPP likelihood by 4.5 percent relative to the sample mean,

controlling for bank locations. Interestingly, exposure to finance professionals, even in a non-

business setting, is positively related to PPP takeup. Receiving PPP loans is more likely

for stores located in census tracts with a higher percentage of finance professionals. Our
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findings confirm the effect of financial institutions, through both access and information, on

the uptake of PPP among small businesses.49

In addition, we control the neighborhood profiles, both from the immediate surrounding

area and in the zip code, and store characteristics. We define a neighborhood as a micro

business environment (within a radius between 200 and 1000 yards) that surrounds the focal

store. For each neighborhood, we measure the size - number of stores (Ln(# of Stores)), the

density - the average number of visitors in 2019 (Ln(Avg Visits)), and the composition - the

percentage of brand stores (Pct of Brand Stores). We also calculate changes in foot traffic

for neighboring stores at the beginning of the pandemic (Chg Visits Peers) to control for

the impact of COVID on the immediate surroundings.50 At the zip-code level, we include

population density (Pop Density), the number of households (Ln(# of Households)), the

number of business establishments (Ln (# of Estabs)), the median income (Ln(Median

Income)), the percentage of minorities (Pct of Minorities), and the percentage of residents

with at least a college degree (Pct of Edu BA). We also use four indicator variables to

represent the market segment of the zip code (D Urban, D Sub, D 2ndCity, and D Rural).

We find that stores located in busier neighborhoods with more stores and higher per-

store foot traffic receive more PPP loans. The finding here on high PPP likelihood in

high-traffic areas is consistent with the information channel whereby storekeepers learn from

their neighbors.51 PPP uptake is also higher if the immediate neighborhood has more brand

stores. One possibility is that managers of nearby brand stores may receive information about

financing opportunities from their headquarters, which filters through to nearby non-brand

stores. Turning to characteristics of the zip code, we find that stores located in less-densely

populated zip codes with fewer minorities receive more PPP loans. Stores in higher-income

and higher-education zip codes received more PPP loans. Stores in residential zip codes are

more likely, while stores in business zip codes are less likely to receive PPP loans. Towns

and rural areas have more PPP takeup than urban or suburban zip codes.

Large stores may have better access to information and resources and thus are more likely

to receive PPP loans. We measure store size using its average foot traffic in 2019. Stores hit

harder at the onset of the pandemic and on a positive growth trajectory before the pandemic

may be in greater need of capital. So we include year-to-year changes in foot traffic in March

2020 (Chg Visits Self) and changes in foot traffic from 2018 to 2019 (Chg Visits LastYr). As

expected, large stores and stores on growing trajectories before COVID are more likely to

49Note that, unlike standard small-business loans, banks that process PPP loans do not assume credit
risk.

50We measure changes in total foot tra�c in March from 2019 to 2020.
51Maksimovic and Yang (2021) show that there is a strong peer e�ect in PPP takeup through the infor-

mation channel.
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get PPP. There is a significant correlation between COVID impact and PPP loans. Stores

that were harder hit at the beginning of the pandemic are more likely to receive PPP loans.

However, we do not find a significant effect on PPP takeup if the neighboring stores were

more affected.

4.2 Social Capital and Bank Access

So far, we have shown that bank access and social capital help promote PPP takeup, a posi-

tive NPV project. But do these two factors interact with each other? Are they complements

or substitutes? In this section, we examine the potential interplay between social capital and

bank access. Specifically, we are interested in investigating whether local access to banks

has heterogeneous effects in areas endowed with different levels of social capital.

We use the indicator of bank branch within 1000 yards (D Bank 1000) to measure local

bank access and sort zip codes into three equal-sized groups - low, medium, and high using

the social capital measure. We then construct dummy variables for each group and include

their interaction terms with the local bank indicator. The low social capital group is treated

as the benchmark (and the omitted group) in regressions. We separately test for civic capital

and social connections. Table 31 presents our results.

Table 31 [INSERT TABLE HERE]

Columns 1 and 2 examine the effect of the civic capital, proxied by the census response

rate. Both bank access and high social capital remain positively associated with the PPP

rate. We find a positive interaction between the census response rate and the local bank

access indicator, suggesting that civic capital and formal financial institutions are comple-

ments. Interestingly, the interaction is only significant at the 1 percent level for zip codes

with medium social capital but is not statistically different from zero for the high civic capi-

tal group. A possible explanation is that since the takeup is significantly higher in high civic

capital areas, proximity to banks makes little difference at the margin. On the other hand,

the benefit of locating near a bank branch is significantly higher for medium- than low-civic

capital areas. The non-monotonicity of the interaction term suggests that formal financial

intermediaries likely perform better in providing access to capital when civic capital is within

a specific range.

There has been a consistent push for financial access, especially in disadvantaged neigh-

borhoods, among policymakers to mitigate economic inequality. Our finding suggests that

neighborhoods with at least modest civic capital are more likely to benefit from increased

financial access.
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In contrast, we find a substitution effect between social connections and bank access in

columns 3 and 4. The benefit of having a local bank branch decreases with social connections

(proxied by the percentage of residents that belong to local associations). The marginal effect

of a local bank branch is about four times higher in zip codes with low social connections

than in zip codes with high social connections. In our setting, the main function of the banks

is to provide information about the PPP program and facilitate loan applications without

the need for underwriting. Our finding that proximity to local bank branches correlates

with high takeup rates suggests that information dissipation and lending cluster in the local

area. In this context, social connections in a locality provide similar functions to distribute

financial information about the PPP opportunity. Our finding thus suggests that a stronger

social network can help mitigate the information disadvantage in neighborhoods without

formal financial intermediaries.

4.3 The Effects across Neighborhoods

Next, we examine the differential effects of civic capital across the store, neighborhood, and

zip code characteristics in Table 32 and compare them with the effects of local bank access.

We use dummy variables to indicate the level of social capital as Low, Medium, and High.

The Low-level group is treated as the benchmark and is the omitted group in regressions.

Table 32 presents our results.

Table 32 [INSERT TABLE HERE]

Social capital, collectively, benefits large stores in areas with lower business turnover.

We find that stores in high-density areas benefit more from civic capital, while strong social

connections have a greater effect on neighborhoods with fewer stores. The latter suggests

that strong social connections compensate for having fewer peers in the neighborhood by

promoting information flow within the community through informal association and connec-

tions.

On local demographics, we find that civic capital offers more benefits in zip codes with

more ethnic diversity. In contrast, social connectedness through local associations benefits

more communities with fewer minorities. Our finding on social connections is consistent with

the social homophily literature (see McPherson et al. (2001) for a review), which suggests

that individuals with similar characteristics are more likely to socialize with each other.

However, the finding of civic capital benefiting diverse communities is new. It suggests that

strong norms of reciprocity can potentially break down ethnic boundaries and help diverse

communities. In addition, we find that civic capital benefits communities with higher income

and education.
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How do the effects of bank access compare to those of social capital for different stores and

neighborhoods? In Table 33, we interact bank indicators (D Bank 1000 and D CBank1000)

with store, neighborhood, zip, and county characteristics.52

Table 33 [INSERT TABLE HERE]

Small stores that grew fast before COVID benefit more from nearby bank branches. The

evidence is consistent with the idea that small, high-growth firms have a higher demand for

capital and form closer connections with local banks. In addition, we find that local bank

branches are more important for stores in high-traffic neighborhoods and in zip codes with

more business turnover. This is in clear contrast with social capital, which was shown to

be more beneficial to large, low-growth stores in less dynamic business areas. Recall that

large stores are more likely to receive PPP loans on average. Thus, our finding suggests that

access to local bank branches helps mitigate the gap in receiving PPP loans between small

and large stores.

We find that banks differ significantly from social capital in the differential effect across

communities. Opposite to social capital, access to local bank branches is associated with a

greater effect on loan takeup in zip codes with lower education levels and more minorities,

both of which are shown to have lower rates of PPP takeup. Conditional on bank access

with any bank, access to community banks provides additional benefits to low-education zip

codes. Taken together, our findings suggest that local bank branches promote PPP loans for

stores and communities with higher demand or less access to financing.

4.4 Virtual Connections

In Section 4.1, we show a positive association between loan takeup and social connections.

With internet access, social interaction expands far beyond local neighborhoods. In this

section, we investigate the effect of virtual connections on local business dynamics. Virtual

connections, similar to in-person social connections, promote information flow. Therefore,

we expect a high takeup of PPP loans in communities where residents are more connected

in cyberspace. In addition, we also examine the interplay between virtual connections and

local social connections for stores and neighborhoods of different characteristics.

We measure virtual connections using the Facebook friendship network. By 2019, Face-

book had become a dominant social media platform with more than 260 million users in

the U.S. and over a billion users worldwide. We use the Social Connectedness Index (SCI)

52Results are qualitatively similar when we further separate banks by 200, 500, or 1000 yards.
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created by Bailey, Cao, Kuchler, Stroebel, and Wong (2018), which is based on the number

of Facebook friendships from residents in each zip code to all zip codes in the U.S.

First, we calculate the total number of connections from residents in each zip code,

standardized by its population:

Connectionsi =

∑
j(Facebook Connectionsi;j)

Populationi
(10)

where i is the focal zip code, and Facebook Connectionsi;j measures the number of friend-

ships between zip codes i and j, with j being any zip code in the U.S.

Next, we separate the virtual links to zips within the same county (inside-county con-

nections) from those outside of the county (outside-county connections) to capture local and

faraway connections.

Inside Connectionsi =

∑
j(Facebook Connectionsi;j � 1j=inside cty)

Populationi
(11)

Outside Connectionsi =

∑
j(Facebook Connectionsi;j � 1j=outside cty)

Populationi
(12)

Table 34 presents the marginal effect of virtual connections on PPP takeup, control-

ling for social capital measures, access to local bank branches, and store and neighborhood

characteristics.

Table 34 [INSERT TABLE HERE]

Column 1 uses the logarithm of total connections as specified in Equation 10 and shows

no significant effect of virtual connections on the likelihood of getting PPP loans. However,

when we decompose virtual connections into inside and outside links based on Equations 11

and 12 (Column 2), we find that a strong positive effect of inside connections, significant

at 1 percent, while no effect from outside connections. Finally, decomposing the inside

connections further into two parts (Column 3), we find that among connections within the

county, those established within the same zip code have an even stronger effect. One standard

deviation increase in virtual connections increases the PPP takeup by 4.9 percent of the

sample mean when connections are made between individuals within the same zip code and

2.7 percent of the sample mean when they are from different zip codes but in the same

county. In unreported tables, we divide outside connections into two mutually exclusive

components, connections with outside counties but in the same state versus connections

with out-of-state zip codes, and do not find any significant effect on the PPP takeup in
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either type of connection. Our finding suggests that although online social platforms allow

individuals to connect with others beyond their localities, it is the local connections that

matter more for small business opportunities. It is worth mentioning that the effects of other

social capital components are consistent in economic magnitude after we include measures of

virtual connections, suggesting that virtual connections expand rather than substitute local

in-person social connections.

Next, we go back to the granular community where stores are located. Specifically, we

test whether the effect of virtual connections varies by store, neighborhood, and zip code

characteristics. Similar to our analysis of in-person social capital, we sort zip codes into three

equal-sized groups - Low, Medium, and High using the inside-county virtual connections.

We then construct dummy variables for each group and include their interaction terms with

store size, growth rate, number of stores in the neighborhood, median household income,

education level, and percentage of minorities in the zip code area. The low social capital

group is treated as the benchmark and omitted in regressions. We include the outside-county

virtual connections as an additional control, the full set of variables discussed in the previous

sections, and County�Industry fixed effects. Columns 1 to 7 in Table 35 present our results.

Table 35 [INSERT TABLE HERE]

Similar to local social connections, inside-county virtual connections are associated with

higher takeup of PPP in already relatively advantaged areas. Specifically, they provide more

benefits to larger stores in the zip codes with higher education and greater prior growth.

Unlike local social connections, virtual connections do not seem to substitute for local bank

access. Column 8 shows that interactions between dummy variables for each virtual connec-

tion group and the local bank indicator (D Bank 1000) are all insignificant from zero.

4.5 Analysis at the Census Tract Level

In our main analysis, we include County�Industry fixed effects and focus on variation at the

zip code level. However, one potential concern is that different areas within a zip code may

still differ in their characteristics and that omitted variables drive both PPP takeup and

social capital. To mitigate this concern, we zoom in on an even more granular location, the

census tract, to examine the relation between social capital and PPP takeup. Census tracts

are small statistical subdivisions with a population size between 1,200 and 8,000 people, with

a targeted size of 4,000 people53. The more granular level allows us to control more tightly

53https://www.census.gov/programs-surveys/geography/about/glossary.html
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for demographic characteristics to focus on homogeneous localities in culture and business

environments.

We repeat our analysis at the census tract level. We focus on our civic capital proxy,

the census response rate, which is accessible at the tract level, and obtain demographic

information at the census tract level from the American Community Survey (ACS). Table

36 presents our results.

Table 36 [INSERT TABLE HERE]

We find qualitatively similar results using tract-level variables on civic capital. Civic

capital is positively related to the PPP takeup, with a similar magnitude. In addition, we

find qualitatively similar results when examining the interaction effect between civic capital

on bank access. On the other hand, we find stronger results on the interaction between

civic capital and store and neighborhood characteristics. For example, civic capital has a

consistently positive effect on census tracts with higher income and higher education.

5 PPP by Lender Type - Banks vs. FinTech

In Section 4, we show that access to local bank branches, social capital, and virtual connec-

tions all have a positive effect on firms’ takeup of a positive NPV project, in our context,

the PPP loans. Erel and Liebersohn (2020) show that although PPP loans are administered

through the banking system and non-bank lenders such as FinTech firms, FinTech lenders

are disproportionately used in the zip codes with low income, high minority share, and fewer

bank branches. A natural question that arises is whether the effect of social capital or vir-

tual connections varies by lender type. Are areas with higher social capital or more virtual

connections associated with more PPP loan takeup issued by banks, FinTech lenders, or

both?

In this section, we examine the effect of social capital and local bank access on loan

takeup by lender type. We take two approaches. First, we estimate two separate linear

probability models to predict the loan takeup separately by lender type. For each model,

we define a dependent variable that equals one if the store has received a PPP loan from a

bank or FinTech lender, respectively, and zero if no loan is received. Conditional on getting

a loan, how do social capital and bank access influence the choice of lender type? In the

second approach, we only include stores that obtained PPP loans to examine the lender type

- the dependent variable equals one if the loan is from a FinTech lender and zero if it is from

a bank.
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Following Erel and Liebersohn (2020), we define FinTech lenders as unregulated non-bank

lenders and regulated online direct banks. In our sample, among the firms that received PPP

loans, 10.5 percent of the PPP loans issued are from FinTech lenders. Since FinTech lenders

use online platforms exclusively, we control the intensity of internet usage at the zip code

level using responses from the SimmonsLOCAL Consumer Survey in 2018. We define an

indicator, D Amazon, which equals one if residents in the zip code reported a more frequent

usage of Amazon (defined as in the top quartile) and zero otherwise.

Table 37 presents our findings. Column 1 predicts the loan takeup, regardless of lender

type. Columns 2 and 3 predict the loan takeup from banks and FinTech lenders, respectively.

In both cases, the benchmark is a business that did not obtain a PPP loan. Column 4

examines the lender type conditional on obtaining a PPP loan.

Stronger civic capital is associated with more loans from both banks and FinTech lenders.

However, local social connections only increase the loan takeup rate with banks but have no

effect on receiving loans from FinTech lenders. This result confirms that social ties formed

through local connections are more likely to facilitate local information. Virtual connections

with people close by (within the same county) act similarly to social connections in that

they increase the likelihood of receiving a PPP loan from a bank, but not from a FinTech

lender. Out-of-country virtual connections, on the other hand, have no significant effect on

loan takeup in general. However, conditional on receiving a loan, stores in areas with higher

outside connections are more likely to use FinTech lenders.

We find that the loan takeup rate is higher when the store is located in proximity to

local bank branches, regardless of the lender type. Community bank branches provide an

additional boost in loan takeup from banks. Having a community bank branch nearby

doesn’t improve and even reduces the likelihood that a store receives a loan from FinTech

lenders. The divergence might come from community banks’ particular focus on serving

local businesses and individuals who live nearby. Interestingly, experience with SBA loans

and exposure to financial professionals are associated with higher PPP takeup from both

banks and FinTech lenders, suggesting the effect of financial access/exposure goes beyond

the physical access to banks.

Finally, we show that areas with more community banks are less likely to borrow from

FinTech lenders. This is consistent with Erel and Liebersohn (2020), which shows that

FinTech is disproportionately used in zip codes with fewer bank branches. Nearby exposure

to SBA loans has a relatively bigger effect on loans from banks. In addition, we find that

zip codes with lower income and a higher percentage of minorities also rely more on FinTech

lenders, consistent with findings in Howell et al. (2021b).
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Table 37 [INSERT TABLE HERE]

In summary, we show that civic capital and access to local bank branches are associated

with more loans from both banks and FinTech lenders. Proximity to community banks and

local social connections, by contrast, predicts loans from banks and not FinTech. The effect

of virtual links is more nuanced, with nearby connections favoring more banks and remote

connections promoting FinTech lenders. The results also verify that separating different

components of social capital is important when we examine their effect on loan takeup.

6 Discussion

6.1 Instrumenting the Civic Capital Measure

The PPP was implemented concurrently with the 2020 Census. To avoid the simultaneity

problem that some omitted variables may affect both behaviors, completing the Census form

and taking the PPP at the same time, we use the census response rate in 2010 as our main

proxy for civic capital.

However, businesses, residents, and social capital may have changed significantly in the

ten-year period, making the 2010 measure not reflective of conditions in 2020. To assess

whether our choice of the 2010 census response rate materially affected our conclusions, in

Appendix Table ??, we use the 2020 Census response rate as a measure of social capital. It

shows a significant positive effect - a one standard deviation increase in the census response

rate is associated with an increase in the PPP takeup by 6.5 percent of the sample mean. The

economic effect is about 30% higher when we use the 2020 Census response rate. However,

our qualitative conclusions are not affected. Accordingly, throughout the paper, we use the

more conservative approach, using the 2010 Census response rate.

An alternative approach would be to take an instrumental variable approach by instru-

menting the 2020 Census response rate using the 2010 Census rate. It allows us to capture

changes in social capital from 2010 to 2020 but also avoid the simultaneity problem. Ap-

pendix Table ?? reports the IV estimates. The first stage regression (Column 1) demon-

strates a large explanatory power, with first-stage F statistics equal to 1,163, which is far

above relevant thresholds. The relevance of the instrument indicates the long-term nature

of social capital embedded in the local community. The instrumented 2020 Census response

rate (Column 2) shows a consistent, positive effect. The magnitude of the estimate in the

IV approach is larger than the estimate from the OLS in Table 30 (0.0203 versus 0.0095),

suggesting that the baseline results we have shown using the 2010 Census response rate are

not likely to be overstated.
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Our instrumental estimates can be additionally interpreted using Pancost and Schaller

(2021). They argue that many empirical results in corporate are affected by measurement

errors in the metrics used to proxy the underlying concepts and that this results in downward

biased coefficients. In our case, problems for least square estimates might arise if the census

completion rate is a noisy measure of civic capital. In their Proposition 1, Pancost and

Schaller (2021) show that instrumental variable estimates are free of this type of measurement

error, as long as the measurement erors in the variables of interest and instrument have zero

covariance. Thus, under the assumption that measurement errors in the 2010 and 2020

census response proxies for civic capital are uncorrelated, our instrumental variable estimate

of the effect of civic capital is free of that type of measurement error and is, as expected,

higher. While not changing our qualitative conclusions, the instrumental variable estimates

suggest that our quantitative conclusions are conservative and unlikely to be overstated.

6.2 Using Historical Bank Access and Instrumenting Bank Loca-

tions

In Section 4.1, we show that accesses to local bank branches help promote the PPP takeup,

controlling for store, neighborhood, and zip characteristics. However, the location of bank

branches is not randomly assigned. Banks may locate their branches in areas with more

business dynamism. For example, banks may choose to open branches in neighborhoods

where stores respond more to investment opportunities and thus tend to have higher PPP

takeup.

To address this potential source of bias, we re-examine the relation using historical bank

access. We apply the same identification method in Section 4.1, but with historical bank

status from five or ten years ago and to measure the store-level access to local bank branches.

Specifically, for each store in our SafeGraph sample, we evaluate whether there were any bank

and community bank branches within a radius of 1000 yards in 2009 and 2014 and calculate

the total number of bank branches at the zip code using historical bank data.

Appendix Table C3 presents our results. It reports regression estimates using historical

bank status (D Bank, D CBank, and Ln(# of banks in the zip)) in 2009 (Column 1) and

2014 (Column 2). Historical bank access strongly predicts the PPP takeup. For example,

the magnitude of bank effects is 4.4% using current bank access, 3.4% using the 2014 bank

status, and 3.5% using the 2009 bank status. The effect of community bank access drops

from 3.1% to 2.1% and 1.4% using bank access in 2014 and 2009, respectively, but the

estimated coefficient remains positive and significant at 1% level, confirming the additional

boosting effects of community banks on PPP takeup. Given the result, it is unlikely that
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the bank effect we document is entirely driven by the unobservable simultaneity bias.

In a second approach to address the endogeneity concern, we adopt a two-stage IV

approach to predict bank branch locations at the Census Block Group (CBG) level. CBGs

are the smallest geographical units for which the census publishes sample data and generally

contain between 600 and 3,000 people, with an optimum size of 1,500. In the first stage, we

predict whether a CBG has at least one bank branch using the machine learning algorithm

based on a large set of variables, including population, number of households, distribution of

income, age, race, education, and occupation, number of establishments and employment by

industry, residents’ commute pattern (travel time to work and travel methods) and residents’

shopping patterns (number of stores nearby, percentage of brand stores, number of visits by

store, the medium distance of shoppers, and the medium dwell time for each visit). Then, in

the second stage, we rerun our main specification in Section 4.1, but using the instrumented

bank variable. Again, we find consistent results (shown in Appendix Table C4) - stores with

access to local banks have a significantly higher probability of receiving PPP loans.

7 Robustness Checks

7.1 Unemployment Insurance and PPP Loans

One primary goal of PPP was to relieve the burden on outdated state UI systems and utilize

the banking system to keep paychecks flowing. Faulkender et al. (2021) show that PPP loans

help slow down the increase in unemployment insurance (UI) claims during the early days

of the pandemic. Thus, businesses may choose between applying for PPP loans to retain

the workforce and laying off workers so that they can receive unemployment insurance from

the government. As such, one potential concern is that our results might be driven by the

omitted variable UI claims.

To explore how PPP takeup interacts with UI claims and whether such interactions

affect our estimates, we repeat our main analysis, explicitly controlling for the UI claims.

Specifically, we focus on the initial UI claims, that is, claims filed by newly-unemployed

individuals after a separation from an employer from the week right after the first stay-at-

home order was issued to the end of May when most PPP loans have been approved. For

this exercise, we use the subsample of stores in California due to data availability on UI

claims.54 California was the first state to issue a stay-at-home order (on March 19, 2020),

mandating all residents to stay at home except to go to an essential job or shop for essential

54We collect data on Unemployment Insurance claims in each locality from the state government website:
https://www.labormarketinfo.edd.ca.gov/LMID/UI_Claims.html
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needs.

We include UI claims as the additional control variable and repeat the regression of PPP

takeup on a full set of variables and County�Industry fixed effects for stores in California.

Appendix Table C5 reports our findings. We find consistent results on civic capital, social

connections, virtual connections, and bank access as those reported in our full-sample tests.

On the other hand, we do not see a significant association between UI claims and PPP

takeup, with or without social capital variables. Our finding suggests that UI claims do not

seem to substitute for PPP loans in our sample of retail stores.

7.2 Subsamples: Best-Matched Samples and Vacant Homes

We identify a store’s PPP status by matching the borrowers of PPP loans with stores in

SafeGraph using an algorithm optimizing a similarity metric that compares business names,

street addresses, geographic coordinates, and NAICS codes. Thus, the PPP status can be

mis-coded when a firm uses a different name and address from the business to apply for PPP

loans and when a firm with multiple stores applies for one PPP loan for all of the stores. As

a robustness check, we re-run our main regressions in a subsample of zip codes in which the

non-matched rate is within 10% (i.e., best-matched sample). Despite a much smaller sample

size (about half of that used in our main analysis), we find qualitatively similar results, with

very similar estimated coefficients to all of our main variables of interest. The results are

reported in Column 1 of Appendix Table C6.

Zip codes with a high percentage of vacant homes - for seasonal, recreational, or occasional

use - are associated with very low Census response rates. Thus, the census response rate may

not be a good measure of civic capital for those localities. In addition, local businesses in

areas populated with second homes, which residents only visit a few times a year, may differ

from standard businesses that serve customers year-round. They might stay closed with or

without the pandemic and, thus, may not apply for PPP loans. To exclude the effect of the

seasonal homes, we construct a subsample of stores in the zip codes with no more than 0.5%

percentage homes vacant and rerun our main specification. Appendix Table C6 Column 2

presents our results. We find the consistent effects of social capital, access to banks, and

neighborhood characteristics, on PPP takeup with the results reported in earlier tables.

8 Conclusion

Small business dynamism varies greatly across locations in the U.S. It is unclear how much

these differences arise because of different investment opportunities, skill levels, social capital,
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as well as differential access to finance and underwriting criteria in different locations. We

take advantage of a natural experiment, the Paycheck Protection Program, to analyze the

takeup of risk-free, positive net-present-value financing opportunities by retail stores across

different geographies. The setting enables us to be abstract from addressing endogenous

business projects and loan underwriting. The industry, retail, is widely distributed across

the country and does not require rare skills.

We use granular data to measure how local agglomeration, demographics, nearby banks,

local social capital, and localities’ virtual connections on Facebook are related to the takeup

of positive NPV projects. For social capital, we separate metrics measuring civic capital, the

“set of values and beliefs that help a group overcome the free-rider problem in the pursuit of

socially valuable activities,” from metrics measuring social connections, which may merely

transmit information.

We find very wide variation in the takeup, much of which is at the census tract and

block group level. Store agglomeration and proximity to local banks matter. Controlling for

these, we find a large and economically significant relation between social capital and loan

takeup. Disaggregating social capital measures, we find civic capital, the ability to overcome

the free-rider problem in pursuit of socially valuable activities, has a large positive effect and

the magnitude is greater than the effect of having a bank branch within 1000 yards. The

social connections metric also positively affects the loan takeup, although with a smaller

magnitude. Collectively, civic capital and social connections explain about 20 percent of the

variation of PPP takeup at the zip code level.

Civic capital and social connections also interact differently with local banks. The as-

sociation between increasing bank branch proximity and loan take-up is highest in areas of

moderate civic capital. In contrast, in the context of PPP, nearby banks and social con-

nectedness appear to be substitutes for predicting loan takeup. These results suggest that

profit-motivated financial intermediaries have a comparative advantage in accessing a partic-

ular profile of entrepreneurs and that they are complements of certain components of social

capital (civic capital) and substitutes with other components (social connectedness).

Different components of social capital interact differently with geographic and population

characteristics in predicting the takeup of PPP. Civic capital has a greater association with

PPP takeup in high-density neighborhoods with many stores, while the prevalence of local

associations has a greater association with PPP in less store-dense neighborhoods. Both

civic capital and social connections benefit more for larger stores in areas with low business

turnover.

Our results also indicate that social capital - civic, local connections, and virtual connec-

tions, are all positively associated with PPP takeups from banks - local or out of state. This
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is consistent with the idea that information is critical in facilitating positive NPV projects.

On the one hand, we do not find a significant relation between social capital measures and

PPP from FinTech lenders. This suggests that both civic capital and social connections are

more associated with local information. The presence of nearby banks is particularly ben-

eficial for businesses in high business density and high growth locations with high business

turnover.

We also find limited evidence that higher bank density in high minority areas is asso-

ciated with economically significant gains in loan takeup. Our estimates suggest that the

economic effect of bank proximity is positive in locations with a higher percentage of mi-

norities. However, the absolute effect is quite small. Similarly, the differences in our metric

of civic capital in high-minority locations also have a positive association with PPP takeup.

In contrast, social connections benefit predict PPP take-up more strongly in locations with

low minority populations.

Our findings indicate that virtual connections, especially those with people close by, act

in ways similar to local social connections in relation to loan takeup. Importantly, virtual

connections in the locality are related to loan access, whereas more distant connections are

unrelated. This implies that virtual connections have a limited ability to compensate for low

social cohesion in localities by providing access to a broader, more distant community.

Overall, locations in the U.S. differ significantly and predictably in their ability to seize

available opportunities. These differences are strongly affected by differences in social capital

and may grow if the polarization of economic opportunities in the U.S. continues. The policy

challenge is to rebuild and maintain social capital in communities subject to shocks in a

dynamic economy(Rajan (2021)). The research challenge is to design strategies to build

social capital locally in modern communities.

145



9 Figures

Figure 13: Variance Decomposition. The figure presents the R-square from regressing
the indicator of receiving a PPP loan at the store level on various fixed effects. We first
regress the PPP indicator on industry fixed effects and incrementally add county, zip code,
census tract, and census block group fixed effects. The orange bars show the incremental
increase in R-square when an additional set of fixed effects is added.

Figure 14: Correlation between Social Capital Measures and the PPP Uptake.
This figure shows the bin-scatter plots of the PPP percentage and our social capital mea-
sures at the zip code level, controlling for county x industry fixed effects. We use the Census
response rate to measure civic capital (left) and the percentage of club membership to mea-
sure social connections (right).
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Figure 15: Sample Distribution. Panel A presents the distribution of stores at the county
level in our sample, and Panel B shows the percentage of stores that received PPP loans by
county.

Panel A: Stores by County

Panel B: The Percentage of PPP by County
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Figure 16: Social Capital Measures. The figure below presents the distribution of four
social capital measures, including the Census response rate (top) and the percentage of
residents with membership in local civic, business, or sports associations (bottom).

Panel A: Census Response Rate

Panel B: Pct of Membership
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10 Tables
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Table 27: Variable Definitions

Variable De�nition

Census Response Rate Zip-level 2020 Census self-response rates

Census Response Rate 2010 Zip-level 2010 Census self-response rates

Census Response Rate 2010 (tract) Tract-level 2010 Census self-response rates

Chg Visits LastYr Growth rate of foot tra�c in 2019 for a store itself

Chg Visits Peers Average change of monthly foot tra�c in March from the same month

last year for nearby stores within 200 yards

Chg Visits Self Change of monthly foot tra�c in March from the same month last year

for a store itself

City Perfect Zip-level average agreement to the statement \The city or area where I

live is a perfect place for me" from Gallup survey

City Proud Zip-level average agreement to the statement \I am proud of my

community or the area where I live" from Gallup survey

City Safe Zip-level average agreement to the statement \I always feel safe and

Secure" from Gallup survey

Crime Rate Of The County Crime rate in the county

D 2nd City Indicator variable that equals one if the percentage of second city

households is greater than 50% in the zip code

D AMZ Indicator for whether people in the zip code use Amazon frequently

D Bank (1000 Yds) Indicator for local presence of any bank within 1000 yards

D Bank (200 - 500 Yds) Indicator for local presence of any bank within 200 to 500 yards

D Bank (200 Yds) Indicator for local presence of any bank within 200 yards

D Bank (500 - 1000 Yds) Indicator for local presence of any bank within 500 to 1000 yards

D Community Bank (1000 Yds) Indicator for local presence of community banks within 1000 yards

D Community Bank (200 - 500 Yds) Indicator for local presence of community banks within 200 to 500 yards

D Community Bank (200 Yds) Indicator for local presence of community banks within 200 yards

D Community Bank (500 -1000 Yds) Indicator for local presence of community banks within 500 to 1000 yards

D PPP Indicator for whether the store received a PPP loan

D Rural Indicator variable that equals one if the percentage of town and rural

households is greater than 50% in the zip code

D Suburb Indicator variable that equals one if the percentage of suburban

households is greater than 50% in the zip code

D Urban Indicator variable that equals one if the percentage of urban households

is greater than 50% in the zip code

Donation Log number of household average cash donation to charities in the zip code

Ln (# of Banks in the County) Log number of banks in the county

Ln (# of Banks in the Zip) Log number of banks outside of the 1000-yards neighborhood in

the zip code
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Variable De�nition

Ln (# of Estabs) Log number of establishments in the zip code

Ln (# of Households) Log number of households in the zip code

Ln (# of Nearby Stores) Log number of nearby stores within 200 yards

Ln (Avg. # of Visits in Nearby Store) Log number of average visits for nearby stores within 200 yards

Ln (Median Income) Log median household income in the zip code

Ln (Median Income) (county) Log median household income in the county

Ln (Median Income) (tract) Log median household income in the tract

Ln (Pop Density) Log population density in the zip code

Ln (Pop Density) (county) Log population density in the county

Ln(Conn CTY) Log number of Facebook connections per capita within the county

Ln(Conn CTY excl ZIP) Log number of Facebook connections per capita within the county

excluding own zip code

Ln(Conn outside CTY) Log number of Facebook connections per capita out of the county

Ln(Conn outside STATE) Log number of Facebook connections per capita out of the state

Ln(Conn State excl CTY) Log number of Facebook connections per capita within the state

excluding own county

Ln(Conn ZIP) Log number of Facebook connections per capita within the zip code

Pct (Jobs in Finance in census tract) Percentage of jobs in the �nance industry in the census tract

Pct of Any Membership Percentage of residents that belong to a local club (civic, business, or

sports) in the zip code

Pct of Brand Stores Percentage brand store within 200 yards

Pct of Community Banks (county) Percentage of community banks in the county

Pct of Edu (At Least BA) (county) Percentage of population with at least a bachelor’s degree in the county

Pct of Edu (At Least BA) (tract) Percentage of population with at least a bachelor’s degree in the tract

Pct of Edu BA Percentage of population with at least a bachelor’s degree in the zip code

Pct of Minorities Percentage of minority in the zip code

Pct of Minorities (tract) Percentage of minority in the tract

Pct of Population Age 17 To 34 (county) Percentage of population aged from 17 to 34 in the county

Pct of Population Age 35 To 49 (county) Percentage of population aged from 35 to 49 in the county

Pct of PTA Membership Percentage of population with PTA membership in the zip code

Pct of Religious A�liation Percentage of population with religious a�liation in the zip code

Pct of SBA Loans (200 Yds) Number of SBA loans approved within 200 yards, divided by

the number of nearby stores

Pct of SBA Loans (500 Yds) Number of SBA loans approved within 500 yards, divided by

the number of nearby stores

Pop Change (county) Population growth rate in the county

Rural-Urban Code (county) Code indicating rural-urban degree of the county

Size Log average weekly visits in 2019 plus 1

Trust Bank Percentage of population trusting money to a bank in the zip code

Unemployment Rate (county) Unemployment rate in the county

Voter Turnout Rate Zip-level 2020 presidential election voter turnout rate
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Table 28: Sample Distribution
This table presents the sample distribution over industry (panel A) and state (panel B).

Panel A : Distribution over Industries Panel B : Distribution over States

NAICS NAICS Description N Percent State N Percent State N Percent

4411 Auto Dealers 34730 2.81 AK 2733 0.2 MS 10516 0.9

4412 Other V Dealer 17183 1.39 AL 17533 1.4 MT 4764 0.4

4413 Auto Parts 35479 2.87 AR 10994 0.9 NC 36273 2.9

4421 Furniture Stores 23785 1.92 AZ 23903 1.9 ND 2616 0.2

4441 Building Material 44556 3.60 CA 171496 13.9 NE 6837 0.6

4451 Grocery Stores 54762 4.43 CO 23396 1.9 NH 5528 0.4

4453 Liquor Store 26478 2.14 CT 15128 1.2 NJ 39813 3.2

4461 Personal Care Store 63982 5.17 DC 3709 0.3 NM 7091 0.6

4471 Gas Station 43449 3.51 DE 3540 0.3 NV 10807 0.9

4481 Clothes Store 35093 2.84 FL 87085 7 NY 84376 6.8

4482 Shoe Store 5111 0.41 GA 37087 3 OH 36981 3

4483 Jewelry Store 16399 1.33 HI 7548 0.6 OK 13836 1.1

4511 Sporting Hobby 58647 4.74 IA 10787 0.9 OR 18828 1.5

4512 Book Store 9518 0.77 ID 7020 0.6 PA 48587 3.9

4531 Florists 22777 1.84 IL 45803 3.7 RI 5393 0.4

7139 Amusement Recreation 103522 8.37 IN 21035 1.7 SC 19514 1.6

7211 Hotels 26036 2.11 KS 9719 0.8 SD 3109 0.3

7225 Restaurants 434979 35.17 KY 13059 1.1 TN 23992 1.9

8111 Auto Repair 98673 7.98 LA 18437 1.5 TX 103829 8.4

8121 Personal Care SVC 81685 6.60 MA 30234 2.4 UT 10326 0.8

Total 1236844 100 MD 19168 1.5 VA 26208 2.1

ME 5253 0.4 VT 2766 0.2

MI 35441 2.9 WA 28323 2.3

MN 16774 1.4 WI 21534 1.7

MO 20903 1.7 WV 4615 0.4

WY 2597 0.2

Total 1236844 100
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Table 29: Summary Statistics
Panel A provides the summary statistics for variables used in the paper. Panel B provides the correlation matrix
between social capital measures used in the paper and other key variables at the zip-code level.

Panel A : Summary Statistics
Mean Std. Dev. Median P25 P75

Store and Neighborhood Characteristics

Size 3.314 1.063 3.327 2.541 4.043
Chg Visits Self -0.214 0.541 -0.235 -0.54 0.086
Chg Visits Peers -0.193 0.315 -0.172 -0.403 0
Chg Visits LastYr 0.184 0.306 0.179 0 0.353
Ln (# of Nearby Stores) 1.666 1.053 1.792 0.693 2.398
Ln (Avg. # of Visits in Nearby Store) 4.44 2.028 5.108 4.357 5.648
Pct of Brand Stores Nearby 0.217 0.275 0.1 0 0.364

Zip Code Characteristics

Ln (# of Households) 9.169 0.787 9.341 8.814 9.697
Ln (# of Estabs) 6.506 0.831 6.625 6.023 7.088
Ln (Median Income) 11.153 0.378 11.138 10.905 11.412
Ln (Population Density) 7.166 1.842 7.502 5.892 8.454
Pct of Minority 0.306 0.217 0.252 0.134 0.436
Pct Edu (�BA) 0.198 0.092 0.184 0.124 0.262
D Urban 0.246 0.431 0 0 0
D Suburb 0.213 0.41 0 0 0
D 2ndCity 0.125 0.331 0 0 0
D Rural 0.3 0.458 0 0 1

Bank Access

D Bank (200 yds) 0.214 0.41 0 0 0
D Bank (200 - 500 yds) 0.222 0.416 0 0 0
D Bank (500 - 1000 yds) 0.203 0.403 0 0 0
D Bank (1000 yds) 0.203 0.403 0 0 0
D CBank (200 yds) 0.087 0.281 0 0 0
D CBank (200 - 500 yds) 0.129 0.335 0 0 0
D CBank (500 -1000 yds) 0.153 0.36 0 0 0
D CBank (1000 yds) 0.368 0.482 0 0 1
Ln (# of Banks in Zip) 2.008 0.743 2.079 1.609 2.565
Ln (# of Banks in Zip - excl. 1000 yds) 1.603 0.901 1.792 1.099 2.303
Pct of SBA Loans (200 yds) 0.064 0.193 0 0 0.043
Pct of SBA Loans (500 yds) 0.069 0.148 0.026 0 0.091

Social Capital Variables

Census Response Rate 2010 0.739 0.078 0.749 0.7 0.791
Census Response Rate 2020 0.676 0.111 0.689 0.607 0.76
Tract-Level Census Response Rate 2010 0.732 0.091 0.743 0.68 0.792
Tract-Level Census Response Rate 2020 0.663 0.128 0.679 0.586 0.756
Pct of Any Membership 0.478 0.086 0.487 0.431 0.533
Pct of Being Proud of the City 0.804 0.147 0.828 0.714 0.913
Pct of Trusting Banks 0.255 0.055 0.255 0.221 0.287

Virtual Connections Variables

Ln(Conn CTY) 7.217 0.444 7.244 6.945 7.507
Ln(Conn ZIP) 5.485 0.956 5.489 4.869 6.114
Ln(Conn CTY excl ZIP) 6.756 1.078 6.955 6.504 7.303
Ln(Conn outside CTY) 8.095 0.313 8.106 7.923 8.291
Ln(Conn State excl CTY) 7.136 0.695 7.228 6.88 7.523
Ln(Conn outside STATE) 7.507 0.412 7.519 7.248 7.789

PPP Uptake

D PPP (store level) 0.196
Pct PPP (zip-code level) 0.187 0.127 0.1818 0.1186 0.2368

Observations 1236847
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Table 30: Social Capital and PPP Uptake
This table reports regression results to predict the PPP uptake at the store level based on social capital measures. The dependent
variable is an indicator variable that equals one if the store has received a PPP loan and zero otherwise. We use the Census
response rate in 2010 to measure civic capital and the percentage of residents that belong to a local club (civic, business, or
sports) to measure social connections. Fixed e�ects included in each regression are indicated in the column. Standard errors
clustered by county x industry are reported in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

DEP VAR = D PPP (1) (2) (3)

Civic Capital 0.0095*** 0.0095***
(0.0012) (0.0012)

Social Connections 0.0032*** 0.0025***
(0.0009) (0.0009)

D Bank (1000 Yds) 0.0076*** 0.0080*** 0.0075***
(0.0012) (0.0012) (0.0012)

D CBank (1000 Yds) 0.0056*** 0.0057*** 0.0055***
(0.0011) (0.0011) (0.0011)

Ln (# of Banks In The Zip) 0.0066*** 0.0067*** 0.0065***
(0.0008) (0.0008) (0.0008)

Pct of SBA Loans (200 Yds) 0.0086*** 0.0087*** 0.0086***
(0.0004) (0.0004) (0.0004)

Pct of SBA Loans (500 Yds) 0.0039*** 0.0040*** 0.0039***
(0.0004) (0.0004) (0.0004)

Pct (Jobs in Finance in the Census Tract) 0.0030*** 0.0029*** 0.0030***
(0.0007) (0.0007) (0.0007)

Size 0.0366*** 0.0364*** 0.0367***
(0.0009) (0.0008) (0.0009)

Chg Visits Self -0.0018*** -0.0017*** -0.0018***
(0.0004) (0.0004) (0.0004)

Chg Visits Peers 0.0003 0.0003 0.0003
(0.0005) (0.0005) (0.0005)

Chg Visits LastYr 0.0027*** 0.0029*** 0.0027***
(0.0004) (0.0004) (0.0004)

Ln(# of Stores) 0.0277*** 0.0272*** 0.0277***
(0.0008) (0.0008) (0.0008)

Ln(Avg # of Visits) -0.0002 -0.0005 -0.0002
(0.0006) (0.0006) (0.0006)

Pct of Brand Stores 0.0024*** 0.0026*** 0.0025***
(0.0006) (0.0006) (0.0006)

Ln (# of Households) 0.0043*** 0.0063*** 0.0043***
(0.0010) (0.0010) (0.0010)

Ln (# of Estabs) -0.0077*** -0.0079*** -0.0076***
(0.0013) (0.0013) (0.0013)

Ln (Median Income) 0.0015 0.0046*** 0.0010
(0.0017) (0.0015) (0.0017)

Ln (Pop Density) -0.0029* -0.0031** -0.0027
(0.0017) (0.0015) (0.0016)

Pct of Minorities -0.0069*** -0.0091*** -0.0068***
(0.0010) (0.0010) (0.0010)

Pct of Edu BA 0.0068*** 0.0048*** 0.0063***
(0.0012) (0.0011) (0.0012)

D Urban 0.0007 0.0002 0.0012
(0.0027) (0.0028) (0.0027)

D Suburb -0.0011 -0.0005 -0.0013
(0.0019) (0.0019) (0.0019)

D 2nd City 0.0064** 0.0056** 0.0062**
(0.0026) (0.0025) (0.0026)

D Rural 0.0032 0.0038* 0.0032
(0.0021) (0.0021) (0.0021)

Constant 0.1988*** 0.1983*** 0.1990***
(0.0015) (0.0015) (0.0016)

Observations 1,159,364 1,220,572 1,154,181
R-squared 0.0883 0.0903 0.0883
FE County x Ind County x Ind County x Ind
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Table 31: Social Capital and Bank Access
This table reports results to predict the interaction between social capital and bank access on the PPP uptake. The
dependent variable is an indicator variable that equals one if the store has received a PPP loan and zero otherwise. For
each social capital variable, we categorize it into three levels - Low, Medium, and High, based on terciles at the zip-code
level, with the Low group treated as the benchmark. In addition to the variables shown, we control for all variables
included in Table ??, including Size, Chg Visits Self, Chg Visits Peers, Chg Visits LastYr, Ln(# of Stores), Ln(Avg
# of visits), Pct of Brand Stores, Ln(# of Households), Ln(# of Estabs), Ln(Median Income), Ln(Pop Density), Pct
of Minorities, Pct of Edu BA, D Urban, D Sub, D 2nd City, D Rural, Pct of SBA Loans (200 Yds), Pct of SBA Loans
(500 Yds), and Pct of Finance Jobs in Census Tract. Fixed e�ects included in each regression are indicated in the
column. Standard errors clustered by county x industry are reported in parentheses. *, **, *** represent signi�cance
at 10%, 5%, and 1%, respectively.

(1) (2) (3) (4)
DEP VAR = D PPP

Civic Capital 0.0093***
(0.0012)

Civic Capital (Med) 0.0071***
(0.0019)

Civic Capital (High) 0.0157***
(0.0026)

Social Connections 0.0050***
(0.0010)

Social Connections (Med) 0.0034*
(0.0018)

Social Connections (High) 0.0085***
(0.0022)

D Bank (1000 Yds) 0.0077*** 0.0060*** 0.0078*** 0.0114***
(0.0012) (0.0017) (0.0012) (0.0016)

Civic Capital x D Banks 1000 0.0003
(0.0009)

Civic Capital (Med) x D Banks 1000 0.0042**
(0.0020)

Civic Capital (High) x D Banks 1000 -0.0002
(0.0023)

Social Connections x D Banks 1000 -0.0027***
(0.0009)

Social Connectsion (Med) x D Banks 1000 -0.0038*
(0.0019)

Social Connectsion (High) x D Banks 1000 -0.0080***
(0.0022)

Observations 1,159,364 1,159,364 1,220,572 1,220,572
R-squared 0.0883 0.0882 0.0903 0.0903
FE County x Ind County x Ind County x Ind County x Ind
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Table 34: Virtual Connections and PPP Uptake
This table reports regression results to predict the PPP uptake at the store level based on virtual connection
measures. The dependent variable is an indicator variable that equals one if the store has received a PPP
loan and zero otherwise. In addition to the variables shown, we control for all variables included in Table ??,
including Size, Chg Visits Self, Chg Visits Peers, Chg Visits LastYr, Ln(# of Stores), Ln(Avg # of visits),
Pct of Brand Stores, Ln(# of Households), Ln(# of Estabs), Ln(Median Income), Ln(Pop Density), Pct of
Minorities, Pct of Edu BA, D Urban, D Sub, D 2nd City, D Rural, Pct of SBA Loans (200 Yds), Pct of SBA
Loans (500 Yds), and Pct of Finance Jobs in Census Tract. Fixed e�ects included in each regression are
indicated in the column. Standard errors clustered by county x industry are reported in parentheses. *, **,
*** represent signi�cance at 10%, 5%, and 1%, respectively.

(1) (2) (3)
DEP VAR = D PPP

Ln(Conn) 0.0010
(0.0012)

Ln(Conn inside CTY) 0.0061***
(0.0012)

Ln(Conn ZIP) 0.0097***
(0.0013)

Ln(Conn CTY excl ZIP) 0.0049**
(0.0021)

Ln(Conn outside CTY) -0.0016 -0.0010
(0.0012) (0.0012)

Civic Capital 0.0096*** 0.0090*** 0.0091***
(0.0011) (0.0012) (0.0012)

Social Connections 0.0024*** 0.0022** 0.0019**
(0.0009) (0.0009) (0.0009)

D Banks 1000 0.0075*** 0.0074*** 0.0070***
(0.0012) (0.0012) (0.0012)

D Cbanks 1000 0.0056*** 0.0055*** 0.0053***
(0.0011) (0.0011) (0.0011)

Ln (# of Banks in the Zip) 0.0066*** 0.0065*** 0.0059***
(0.0008) (0.0008) (0.0008)

Pct of SBA Loans (200 Yds) 0.0086*** 0.0087*** 0.0086***
(0.0004) (0.0004) (0.0004)

Pct of SBA Loans (500 Yds) 0.0039*** 0.0039*** 0.0039***
(0.0004) (0.0004) (0.0004)

Pct (Jobs in Finance in census tract) 0.0030*** 0.0030*** 0.0029***
(0.0007) (0.0007) (0.0007)

Observations 1,151,482 1,151,482 1,151,482
R-squared 0.0881 0.0881 0.0882
FE County x Ind County x Ind County x Ind
Clust County x Ind County x Ind County x Ind
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Table 36: Tract-Level Civic Capital Measure
This table reports regression results to predict the PPP uptake at the store level based on the civic-capital
measure at the Census tract level. Panel A examines the main e�ect of civic capital and its interaction
with local bank access. Panel B presents the results based on the interaction of civic capital and store or
neighborhood characteristics. In both panels, the dependent variable is an indicator variable that equals
one if the store has received a PPP loan and zero otherwise. We use the Census response rate in 2010 (at
the tract level) to measure civic capital and the percentage of residents that belong to a local club (civic,
business, or sports) to measure social connections. We categorize tract-level civic capital variables with three
levels, Low, Medium, and High, based on terciles of the zip-code level social capital measure. The Low level
of social capital is treated as a benchmark in regressions. D Bank (1000 yds) is an indicator variable that
equals zero if at least one bank branch is within 1000 yards of the focal store. In Panel B, we measure
Ln(Median Income), Pct of Minorities, and Pct of Edu BA at the tract level. In addition to the variables
shown, we control for all variables included in Table ??, including Size, Chg Visits Self, Chg Visits Peers,
Chg Visits LastYr, Ln(# of Stores), Ln(Avg # of visits), Pct of Brand Stores, Ln(# of Households), Ln(#
of Estabs), Ln(Median Income), Ln(Pop Density), Pct of Minorities, Pct of Edu BA, D Urban, D Sub,
D 2nd City, D Rural, Pct of SBA Loans (200 Yds), Pct of SBA Loans (500 Yds), and Pct of Finance Jobs
in Census Tract. Fixed e�ects included in each regression are indicated in the column. Standard errors
clustered by county x industry are reported in parentheses. *, **, *** represent signi�cance at 10%, 5%,
and 1%, respectively.

Panel A

(1) (2) (3) (4)
DEP VAR = D PPP

Civic Capital (Tract) 0.0094*** 0.0095*** 0.0088***
(0.0009) (0.0009) (0.0010)

Social Connections 0.0027***
(0.0009)

Civic Capital (Med) 0.0072***
(0.0017)

Civic Capital (High) 0.0150***
(0.0021)

D Bank (1000 Yds) 0.0080*** 0.0078*** 0.0080*** 0.0057***
(0.0012) (0.0012) (0.0012) (0.0017)

Civic Capital x D Banks 1000 0.0010
(0.0009)

Civic Capital (Med) x D Banks 1000 0.0049**
(0.0020)

Civic Capital (High) x D Banks 1000 0.0018
(0.0022)

Observations 1,161,226 1,155,212 1,161,226 1,177,501
R-squared 0.0884 0.0884 0.0884 0.0881
FE County x Ind County x Ind County x Ind County x Ind
Cluster County x Ind County x Ind County x Ind County x Ind
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Table 37: PPP Uptake by Lender Type - Banks vs Fintech
This table reports results to predict the PPP uptake by lender type at the store level based on nearby banks, social capital,
and virtual connections. The dependent variable is an indicator variable that equals 1 if a store received a PPP loan (any
type) in column 1 and 0 otherwise, a PPP loan from a bank (FinTech lender), and 0 if the store does not receive a PPP loan
for Column 2 (3). In Column 4, we only include stores that receive PPP loans, and the dependent variable is an indicator
variable if a store receives the PPP loan from a FinTech lender. In addition to the variables shown, we control for all variables
included in Table ??, including Size, Chg Visits Self, Chg Visits Peers, Chg Visits LastYr, Ln(# of Stores), Ln(Avg # of
visits), Pct of Brand Stores, Ln(# of Households), Ln(# of Estabs), Ln(Median Income), Ln(Pop Density), Pct of Minorities,
Pct of Edu BA, D Urban, D Sub, D 2nd City, D Rural, Pct of SBA Loans (200 Yds), Pct of SBA Loans (500 Yds), and
Pct of Finance Jobs in Census Tract. Fixed e�ects included in each regression are indicated in the column. Standard errors
clustered by county x industry are reported in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

(1) (2) (3) (4)
Sample All Stores All Stores All Stores Stores with PPP Loan
DEP VAR D PPP D PPP Bank D PPP FinTech FinTech

Civic Capital 0.0090*** 0.0086*** 0.0015*** -0.0001
(0.0012) (0.0011) (0.0005) (0.0015)

Social Connections 0.0022** 0.0019** 0.0003 -0.0002
(0.0009) (0.0009) (0.0004) (0.0014)

Inside-County Connections 0.0061*** 0.0062*** 0.0002 -0.0028
(0.0012) (0.0012) (0.0004) (0.0017)

Outside-County Connections -0.0016 -0.0024** 0.0009 0.0053**
(0.0012) (0.0010) (0.0006) (0.0023)

D Bank (1000 Yds) 0.0074*** 0.0068*** 0.0016*** 0.0004
(0.0012) (0.0011) (0.0005) (0.0021)

D CBank (1000 Yds) 0.0055*** 0.0065*** -0.0004 -0.0057***
(0.0011) (0.0011) (0.0005) (0.0019)

Ln (# of Banks In The Zip) 0.0065*** 0.0061*** 0.0008** -0.0016
(0.0008) (0.0008) (0.0003) (0.0013)

Pct of SBA Loans (200 Yds) 0.0087*** 0.0080*** 0.0017*** 0.0009
(0.0004) (0.0004) (0.0002) (0.0006)

Pct of SBA Loans (500 Yds) 0.0039*** 0.0039*** 0.0002 -0.0021***
(0.0004) (0.0004) (0.0001) (0.0007)

Pct (Finance Jobs in Census Tract) 0.0030*** 0.0026*** 0.0009*** 0.0008
(0.0007) (0.0007) (0.0003) (0.0012)

D Amazon 0.0007 0.0003 0.0000
(0.0007) (0.0003) (0.0011)

Size 0.0367*** 0.0361*** 0.0018*** -0.0186***
(0.0009) (0.0009) (0.0002) (0.0010)

Ln (# of Nearby Stores) -0.0017*** -0.0017*** -0.0001 0.0022***
(0.0004) (0.0004) (0.0002) (0.0008)

Ln (Avg. # of Visits in Nearby Store) 0.0003 0.0001 0.0001 0.0011
(0.0005) (0.0005) (0.0002) (0.0008)

Pct of Brand Stores Nearby 0.0027*** 0.0024*** 0.0007*** 0.0000
(0.0004) (0.0004) (0.0002) (0.0009)

Chg Visits Self 0.0278*** 0.0258*** 0.0048*** -0.0018
(0.0008) (0.0008) (0.0003) (0.0012)

Chg Visits Peers -0.0003 -0.0001 -0.0004 0.0003
(0.0006) (0.0006) (0.0003) (0.0012)

Chg Visits LastYr 0.0026*** 0.0019*** 0.0011*** 0.0024**
(0.0006) (0.0006) (0.0003) (0.0010)

Ln (# of Households) 0.0032*** 0.0018* 0.0021*** 0.0072***
(0.0011) (0.0010) (0.0004) (0.0016)

Ln (# of Estabs) -0.0067*** -0.0053*** -0.0026*** -0.0056***
(0.0013) (0.0012) (0.0005) (0.0019)

Ln (Median Income) 0.0012 0.0018 -0.0007 -0.0046**
(0.0016) (0.0015) (0.0006) (0.0020)

Ln (Pop Density) -0.0020 -0.0025 0.0005 0.0060**
(0.0016) (0.0016) (0.0006) (0.0025)

Pct of Minorities -0.0073*** -0.0077*** 0.0003 0.0104***
(0.0010) (0.0010) (0.0004) (0.0018)

Pct Edu (geqBA) 0.0074*** 0.0070*** 0.0008* -0.0029
(0.0011) (0.0011) (0.0005) (0.0020)

Observations 1,151,482 1,081,810 913,207 210,729
R-squared 0.0881 0.0836 0.0330 0.1011
FE County x Ind County x Ind County x Ind County x Ind
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.1 Appendix of Chapter 1

Figure A1: Innovation of R&D Labs in Thin LLM by Enforceability of Noncompetes. The
�gure shows the binned plots of innovation outputs (log number of patents) produced by R&D labs in a
given year and the intensity of scienti�c breakthroughs measured by the log number of technology-speci�c
breakthroughs in the past three years, conditioning only on application year e�ects. This plot corresponds
to the regression in Table 4 Column 1. A same sample is used and variables in x and y-axis follow the same
de�nitions. R&D labs are sorted into thick and thin local labor markets based on a median split of the labor
market thickness.
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Table A1: Labor Market Thickness and Enforceability of Noncompetes:
Additional Results on Innovation Outputs
This table reports the e�ects of scienti�c breakthroughs, labor market thickness and the interplay with Noncompetes on the
patent-based innovation outputs based on Model 4. The unit of observation is a lab-year. 1fHighNCE=1g is an indicator of high
enforceability of noncompetes in the upper quartile in terms of non-competes enforceability (NCE). Breakthrough represents the
intensity of breakthroughs measured by the natural logarithm of one plus the total scienti�c breakthroughs by technology class
in year t� 3 to t� 1. Thickness is the natural logarithm of total inventors in the research �eld x CZ in year t� 3. In addition
to the variables shown, I control for all lab characteristics used in Table 3, including Lab Size, Firm Size, Age, Internal Labor
Market and Innovation Experience. Fixed e�ects included in each regression are indicated in the column. Standard errors are
clustered at the LLM-year level. Stars denote standard statistical signi�cance (***p < 0.01, **p < 0.05, *p < 0.1, respectively).

Panel A (1) (2) (3) (4)
Dependant Var: Log(Top-Cited) Log(Important) Log(Exploratory) Log(Exploitative)

Breakthrough x Thickness x 1fHighNCE=1g -0.0077*** -0.0062*** -0.0153*** -0.0006
(0.0011) (0.0013) (0.0019) (0.0012)

Breakthrough x Thickness 0.0053*** 0.0132*** 0.0107*** -0.0028***
(0.0008) (0.0011) (0.0015) (0.0008)

Thickness x 1fHighNCE=1g 0.0023** 0.0040*** 0.0002 0.0057***
(0.0011) (0.0011) (0.0019) (0.0012)

Breakthrough x 1fHighNCE=1g 0.0028*** 0.0016 0.0033* 0.0046***
(0.0010) (0.0013) (0.0018) (0.0010)

Breakthrough 0.0041*** 0.0253*** 0.0143*** 0.007***
(0.0007) (0.0009) (0.0012) (0.0007)

1fHighNCE=1g 0.0063*** 0.0023 0.057** -0.0023
(0.0014) (0.0017) (0.0026) (0.0015)

CZ x Research Field x Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
R-squared 0..3941 0.3069 0.5601 0.185
Observations 710000 710000 710000 710000

Panel B (5) (6) (7) (8)
Dependant Var: Log(Core Pat) Log(Core Cite) Log(Noncore Pat) Log(Noncore Cite)

Breakthrough x Thickness x 1fHighNCE=1g -0.0096*** -0.0110*** -0.0161*** -0.0151***
(0.0021) (0.0023) (0.0016) (0.0017)

Breakthrough x Thickness 0.0111*** 0.0093*** 0.0077*** 0.0067***
(0.0016) (0.0017) (0.0013) (0.0014)

Thickness x 1fHighNCE=1g 0.002 0.0068*** -0.0164*** -0.0109***
(0.0021) (0.0021) (0.0016) (0.0017)

Breakthrough x 1fHighNCE=1g 0.0001 0.0053** -0.002 -0.0018
(0.0019) (0.0021) (0.0014) (0.0015)

Breakthrough 0.0286*** 0.0153*** 0.0054*** 0.0062***
(0.0013) (0.0014) (0.0010) (0.0011)

1fHighNCE=1g 0.0105*** 0.0070** 0.0228*** 0.0191***
(0.0030) (0.0029) (0.0026) (0.0024)

CZ x Research Field x Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Single-Market Lab FE Yes Yes Yes Yes
R-squared 0.4552 0.4334 0.4309 0.3857
Observations 710000 710000 710000 710000
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.2 Appendix of Chapter 2

Table B1:
Firm Entry and Technology Field of Local Inventors

The table reports regression estimates of treatment e�ect of entry on the innovation outcomes for local
inventors. The dependent variable is a dummy variable equal to one if in year t, the sample inventor i
have applied patent in the same �eld as the entering �rm. Post-treatment is a dummy equal to one in the
post-entry years for inventors who lived in the CZ that won in the Headquarter site search. Column 1 reports
results from the Logit regression and Column 2-4 report ordinary least square (OLS) estimates for the Linear
model. For all speci�cations, I include inventor �xed e�ects, case �xed e�ect, and di�erent combinations
among technology class �xed e�ects, year �xed e�ects, CZ �xed e�ects, CZ*Tech class �xed e�ects and
Year*Tech �xed e�ects. Standard errors allow for serial correlation through clustering by inventor. The
corresponding standard errors are reported in parentheses. Signi�cance levels are indicated by �, ��, and ���

and correspond to the 10%, 5%, and 1% signi�cance levels, respectively.

Logit Linear

Dep.var=Prob(Same Tech Field) coeff margin coeff coeff coeff

post treatment 0.0625��� 0.00720��� 0.0186��� 0.0186��� 0.0171���

(0.015) (0.002) (0.002) (0.002) (0.002)

Inventor controls Yes Yes Yes Yes

CZ controls Yes Yes Yes Yes

Case FE Yes Yes Yes Yes

Year FE Yes Yes Yes No

Tech FE Yes Yes No No

CZ FE Yes Yes No Yes

Inventor FE No Yes Yes Yes

CZ*Tech FE No No Yes No

Year*Tech FE No No No Yes

No. of observations 876854 876854 876854 876854

Adj. R-Square 0.250 0.251 0.253

Pseudo-R-squared 0.181

Avg Dep Var 0.164 0.164 0.164 0.164
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.3 Appendix of Chapter 3

Matching PPP Data with Safegraph POI. This section explains the steps we take to

link businesses from PPP loan borrowers with SafeGraph POI. We exploit the information

of business names and street addresses in the PPP data and SafeGraph to match the loan

borrowers with stores. Specifically, the algorithm optimizes a similarity metric that compares

business names, street addresses, geographic coordinates, and NAICS codes.

We obtain loan-level PPP data from the Small Business Administration (SBA). The

data provide borrower information, including business name, street address, and NAICS

categorical coding; loan information, including approval date and loan amount; and lender

information, including the names of the financial institutions that facilitated the loan appli-

cation and distribution.

The first step is to find the geographic coordinates of business locations using the street

address and zip code in PPP data through address geocoding. We successfully obtain the

latitudes and longitudes of 91.4% businesses through a valid street address, and for the

remaining businesses, we obtain the coordinates of their zip codes. Since SafeGraph already

provides geographic coordinates of all POIs, we can calculate the geographic distance between

potential matches.

The second step is to preprocess and standardize the business name and address in two

datasets. We clean the data by removing all punctuation and common suffixes in the business

name. Then we correct the spelling errors in city and state and convert all commonly used

street suffixes or abbreviations in the address to the full expansion according to the list by

USPS. 55

The third step is to form a sample of potential matches. We join two data sets to see

all possible matches based on the NAICS code and a broad geographic category. The state

is used in this step to ensure a full scan of all possible matches since the city, and postal

code can be inconsistent across different data sets for the same business. For example, a

store located in the area on the periphery of a large town might be linked with the name

of a suburb in one data set while with the name of the downtown in another. This step is

meant to generate a relatively large but noisy set of candidates, proving the next step with

as much scope as possible to find the match.

The fourth step is to measure the string similarity between business names and addresses

for all pairs of matching candidates. We conduct the TF-IDF fuzzy string matching to

calculate the similarity score for each pair of business names and street names. TF-IDF

55https://pe.usps.com/text/pub28/28apc 002.htm
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analyzes the corpus of words as a whole and weights each token as more important to the

string if it is less common in the corpus. This means that if two strings have a relatively rare

term (such as proper nouns “Red Roof” and “Starbucks”) in common, this outweighs the

importance of two more common terms (such as “north” and “street” in the street address

and “Inn” and “Cafe” in the business name).

The final step is to use all the information we just obtained to disambiguate the noisy

matches and find the best match. We combine the string similarity of names and addresses

with other information, including street numbers, zip codes, and geographic distance. Since

the name of a business used to apply for PPP loans is not necessarily the same as the store

name, we assign higher weights to the location information. We conduct multiple rounds of

sensitive matching.

Specifically, in the first round, we pick the store-borrower pairs as the best match when

both the street addresses and names are almost perfectly matched. For the remaining stores

without a first-best match, we moderately relax the restriction on name similarity and re-

quire a perfect matching of the street address and geographic distance. In the third-round

matching, we moderately relax the restriction on street address similarity and require a good

matching of business name and geographic distance. In the fourth-round matching, for the

remaining stores without any previous match, we focus on the candidate borrower with the

highest street address similarity, same first digit of street number, and very short distance.

To weed out false positives, we only view them as a match if the store is the only business in

its NAICS category located at the address and the PPP borrower also is the only business

in the same NAICS category located at the address.

To check the matching quality, we also manually check a randomly-selected subsample of

stores in Maryland. For stores with PPP loans, we compare the information from SafeGraph

and PPP data to make sure they are not false positives. For stores without PPP loans,

we search the PPP database for any business in MD with the same NAICS code with at

least one word in common regarding their business name. And then, we search these PPP

borrowers online for their detailed business information, including the stores they own and

their locations, and compare them with the SafeGraph store. It is rare to find them matched.
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Table C2: Census Response Rate - IV Approach
This table reports the estimated e�ects of civic capital on PPP uptake using an instrumented variable approach.
The dependent variable is an indicator variable that equals one if the store has received a PPP loan and zero
otherwise. In the �rst stage, we instrument the 2020 census response rate with the 2010 census response rate. In
addition to the variables shown, we control for indicators for local characteristics, including D Urban, D Sub, D 2nd
City, and D Rural. Standard errors clustered by county x industry are reported in parentheses. *, **, *** represent
signi�cance at 10%, 5%, and 1%, respectively.

(1) (2) (3)
OLS IV: 1st stage IV: 2nd stage

DEP VAR D PPP D PPP

Census Response Rate 2010 0.4925***
(0.0144)

Census Response Rate 2020 0.0124*** 0.0203***
(0.0014) (0.0024)

D Bank (1000 Yds) 0.0074*** 0.0231*** 0.0051***
(0.0012) (0.0037) (0.0011)

D CBank (1000 Yds) 0.0058*** -0.0132*** 0.0038***
(0.0011) (0.0040) (0.0012)

Ln (# of Banks in the zip) 0.0062*** 0.0206*** 0.0040***
(0.0008) (0.0067) (0.0008)

Pct of SBA Loans (200 Yds) 0.0087*** 0.0023*** 0.0086***
(0.0004) (0.0006) (0.0004)

Pct of SBA Loans (500 Yds) 0.0039*** 0.0032*** 0.0037***
(0.0004) (0.0007) (0.0004)

Pct (Finance Jobs in Census Tract) 0.0031*** -0.0010 0.0030***
(0.0007) (0.0037) (0.0007)

Size 0.0368*** -0.0121*** 0.0368***
(0.0009) (0.0012) (0.0009)

Chg Visits Self -0.0018*** 0.0049*** -0.0019***
(0.0004) (0.0007) (0.0004)

Chg Visits Peers -0.0000 0.0200*** -0.0000
(0.0005) (0.0018) (0.0005)

Chg Visits LastYr 0.0027*** 0.0098*** 0.0026***
(0.0004) (0.0011) (0.0004)

Ln(# of Stores) 0.0277*** -0.0243*** 0.0273***
(0.0008) (0.0025) (0.0008)

Ln(Avg # of Visits) -0.0006 0.0129*** 0.0000
(0.0006) (0.0020) (0.0006)

Pct of Brand Stores 0.0024*** 0.0128*** 0.0022***
(0.0006) (0.0012) (0.0006)

Ln (# of Households) 0.0033*** 0.1412*** 0.0030***
(0.0009) (0.0082) (0.0010)

Ln (# of Estabs) -0.0068*** -0.0734*** -0.0057***
(0.0012) (0.0095) (0.0012)

Ln (Median Income) -0.0025 0.4013*** -0.0066***
(0.0017) (0.0194) (0.0022)

Ln (Pop Density) -0.0053*** 0.1369*** -0.0066***
(0.0016) (0.0105) (0.0019)

Pct of Minorities -0.0076*** -0.0115 -0.0066***
(0.0009) (0.0131) (0.0010)

Pct of Edu BA 0.0078*** -0.0962*** 0.0088***
(0.0012) (0.0114) (0.0013)

Observations 1,211,382 1,148,254 1,148,254
R-squared 0.0906 0.0132
Fixed E�ects County x Ind County x Ind County x Ind
First-stage F-statistic 1163
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Table C3: Historical Local Bank Access
This table reports regression results to predict the PPP uptake at the store level based on
local bank access using historical bank status (D Bank, D CBank, and Ln(# of banks in
the zip) in 2009 (columns 1 and 2), and 2014 (columns 3 and 4). In addition to the vari-
ables shown, we control for all variables included in Table ??, including Size, Chg Visits Self,
Chg Visits Peers, Chg Visits LastYr, Ln(# of Stores), Ln(Avg # of visits), Pct of Brand Stores,
Ln(# of Households), Ln(# of Estabs), Ln(Median Income), Ln(Pop Density), Pct of Minori-
ties, Pct of Edu BA, D Urban, D Sub, D 2nd City, D Rural, Pct of SBA Loans (200 Yds), Pct
of SBA Loans (500 Yds), and Pct of Finance Jobs in Census Tract. Fixed e�ects included in
each regression are indicated in the column. Standard errors clustered by county x industry are
reported in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

(1) (2)

DEP VAR = D PPP Bank: 2009 Bank: 2014

D Bank (1000 Yds) 0.0066*** 0.0064***

(0.0011) (0.0011)

D CBank (1000 Yds) 0.0026** 0.0039***

(0.0011) (0.0011)

Ln (# of Banks in the zip) 0.0026*** 0.0035***

(0.0008) (0.0008)

Pct of SBA Loans (200 Yds) 0.0087*** 0.0087***

(0.0004) (0.0004)

Pct of SBA Loans (500 Yds) 0.0041*** 0.0041***

(0.0004) (0.0004)

Pct (Finance Jobs in Census Tract) 0.0029*** 0.0030***

(0.0007) (0.0007)

Obseration 1,227,536 1,227,536

R-Square 0.0901 0.0902

FE County x Ind County x Ind
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Table C4: Predicted Local Bank Access
This table reports regression results to predict the PPP uptake at the store level based on the predicted local bank access. The
dependent variable is an indicator variable that equals one if the store has received a PPP loan and zero otherwise. D Bank
(Predicted) is the predicted probability of at least one bank branch within the Census Block Group (CBG) from a machine
learning model (LASSO) using demographic information (income, age, race, occupations, commute time to work), location
attributes (# of establishments, # of households, # of stores, percentage of brand stores), and store pro�le (average # of visits,
average time spent at the store, average distance of customers, etc.). Columns 1 to 3 are based on a logit model, and columns 4-6
are based on a linear probability model. Fixed e�ects included in each regression are indicated in the column. Standard errors
clustered by county x industry are reported in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

(1) (2) (3) (4) (5) (6)
DEP VAR = D PPP

D Bank (Predicted - Logit) 0.0065** 0.0066** 0.0157***
(0.0029) (0.0029) (0.0040)

D Bank (Predicted - Linear) 0.0073** 0.0097*** 0.0222***
(0.0032) (0.0032) (0.0043)

Size 0.0366*** 0.0383*** 0.0395*** 0.0366*** 0.0383*** 0.0394***
(0.0008) (0.0009) (0.0009) (0.0008) (0.0009) (0.0009)

Chg Visits Self -0.0017*** -0.0016*** -0.0020*** -0.0017*** -0.0016*** -0.0020***
(0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004)

Chg Visits Peers 0.0002 -0.0005 -0.0010** 0.0002 -0.0005 -0.0010**
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

Chg Visits LastYr 0.0028*** 0.0022*** 0.0017*** 0.0028*** 0.0022*** 0.0017***
(0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004)

Ln (# of Nearby Stores) 0.0263*** 0.0272*** 0.0267*** 0.0262*** 0.0270*** 0.0265***
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008) (0.0008)

Ln (Avg. # of Visits in Nearby Store) 0.0024*** 0.0020*** 0.0016*** 0.0024*** 0.0020*** 0.0016***
(0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006)

Pct of Brand Stores Nearby 0.0018*** 0.0021*** 0.0024*** 0.0018*** 0.0021*** 0.0024***
(0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006)

Ln (# of Households) 0.0087*** 0.0087***
(0.0011) (0.0011)

Ln (# of Estabs) -0.0036*** -0.0037***
(0.0010) (0.0010)

Ln (Median Income) 0.0039** 0.0039**
(0.0017) (0.0017)

Ln (Pop Density) -0.0036** -0.0036**
(0.0016) (0.0016)

Pct of Minorities -0.0098*** -0.0099***
(0.0011) (0.0011)

Pct of Eduation (At Least BA) 0.0061*** 0.0061***
(0.0012) (0.0012)

D Urban -0.0002 -0.0001
(0.0029) (0.0029)

D Suburb 0.0008 0.0008
(0.0019) (0.0019)

D 2nd City 0.0064** 0.0064**
(0.0026) (0.0026)

D Rural 0.0042** 0.0042**
(0.0021) (0.0021)

Constant 0.2037*** 0.2058*** 0.2033*** 0.2034*** 0.2049*** 0.2012***
(0.0018) (0.0012) (0.0014) (0.0018) (0.0012) (0.0015)

Observations 1,203,116 1,203,137 1,199,676 1,203,116 1,203,137 1,199,676
R-squared 0.0567 0.0686 0.1142 0.0567 0.0686 0.1142
Fixed E�ects County, Ind Zip, Ind Zip, Tract, Ind County, Ind Zip, Ind Zip, Tract, Ind
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Table C5: Robustness Check - Controlling for UI Claims
This table reports regression results to predict the PPP uptake at the store level based on store, zip, and local
bank access, controlling for UI claims. This table uses the subsample of non-brand �rms in California. Fixed e�ects
included in each regression are indicated in the column. In addition to the variables shown, we control for indicators
for local characteristics, including D Urban, D Sub, D 2nd City, and D Rural. Standard errors clustered by county
x industry are reported in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

DEP VAR = D PPP (1) (2)

UI Claims (Zip*Industry) 0.0007 0.0017
(0.0040) (0.0039)

Civic Capital 0.0078**
(0.0034)

Social Connections 0.0019
(0.0016)

Inside-County Connections 0.0100**
(0.0043)

Outside-County Connections -0.0027
(0.0027)

D Bank (1000 Yds) 0.0084*** 0.0075***
(0.0022) (0.0022)

D CBank (1000 Yds) 0.0001 0.0001
(0.0030) (0.0030)

Ln (# of Banks in the zip) 0.0092*** 0.0085***
(0.0019) (0.0019)

Pct of SBA Loans (200 Yds) 0.0109*** 0.0109***
(0.0012) (0.0012)

Pct of SBA Loans (500 Yds) 0.0043*** 0.0043***
(0.0011) (0.0011)

Pct (Finance Jobs in Census Tract) 0.0002 0.0002
(0.0023) (0.0025)

Size 0.0303*** 0.0305***
(0.0038) (0.0039)

Chg. in # of visits -0.0030* -0.0030*
(0.0017) (0.0017)

Chg. in # of visits (peers) 0.0016 0.0012
(0.0017) (0.0017)

Chg. in # of visits (from 19 to 20) 0.0014 0.0012
(0.0014) (0.0013)

Ln (# of Nearby Stores) 0.0341*** 0.0340***
(0.0022) (0.0022)

Ln (Avg. # of Visits in Nearby Store) -0.0004 -0.0004
(0.0020) (0.0020)

% of Brand Stores Nearby 0.0011 0.0011
(0.0019) (0.0019)

Ln (# of Households) 0.0039 0.0029
(0.0030) (0.0029)

Ln (# of estabs) -0.0121*** -0.0116***
(0.0029) (0.0028)

Ln (Median Income) 0.0125*** 0.0079**
(0.0043) (0.0034)

Ln (Population Density) 0.0009 0.0014
(0.0036) (0.0035)

Pct of Minorities -0.0036* -0.0019
(0.0021) (0.0029)

Pct Edu (geqBA) 0.0077** 0.0097***
(0.0034) (0.0028)

Observations 153,576 153,576
R-squared 0.0607 0.0609
FE County x Ind County x Ind

177



Table C6: Robustness Check: Best-Matched Sample and Excluding Vacant Homes
This table reports regression results to predict the PPP uptake at the store level in two subsamples for robustness
checks. The dependent variable is an indicator variable that equals one if the store has received a PPP loan and zero
otherwise. In Column (1), we only include matched zip codes in which the non-matched rate (between our sample
and the PPP data from the SBA) is lower than 10%, and in Column (2), we exclude zip codes in which vacant
homes is greater than 0.5%. In addition to the variables shown, we control for indicators for local characteristics,
including D Urban, D Sub, D 2nd City, and D Rural. Standard errors clustered by county x industry are reported
in parentheses. *, **, *** represent signi�cance at 10%, 5%, and 1%, respectively.

DEP VAR = D PPP (1) (2)
Best Matched Sample Excl. Vacant Homes

Civic Capital 0.0101*** 0.0103***
(0.0015) (0.0015)

Social Connections 0.0027** 0.0015
(0.0012) (0.0009)

Inside-County Connections 0.0068*** 0.0054***
(0.0014) (0.0014)

Outside-County Connections -0.0008 -0.0010
(0.0018) (0.0012)

D Bank (1000 Yds) 0.0059*** 0.0057***
(0.0015) (0.0012)

D CBank (1000 Yds) 0.0060*** 0.0053***
(0.0016) (0.0012)

Ln (# of Banks in the zip) 0.0054*** 0.0055***
(0.0012) (0.0008)

Pct of SBA Loans (200 Yds) 0.0086*** 0.0084***
(0.0006) (0.0005)

Pct of SBA Loans (500 Yds) 0.0035*** 0.0037***
(0.0006) (0.0004)

Pct (Finance Jobs in Census Tract) 0.0008 0.0027***
(0.0010) (0.0008)

Size 0.0439*** 0.0371***
(0.0011) (0.0009)

Chg. in # of visits -0.0012** -0.0017***
(0.0006) (0.0005)

Chg. in # of visits (peers) 0.0001 -0.0002
(0.0006) (0.0005)

Chg. in # of visits (from 19 to 20) 0.0029*** 0.0032***
(0.0005) (0.0004)

Ln (# of Nearby Stores) 0.0280*** 0.0283***
(0.0011) (0.0009)

Ln (Avg. # of Visits in Nearby Store) -0.0015* 0.0006
(0.0008) (0.0007)

% of Brand Stores Nearby 0.0039*** 0.0023***
(0.0007) (0.0006)

Ln (# of Households) -0.0016 0.0018
(0.0018) (0.0012)

Ln (# of estabs) -0.0026 -0.0047***
(0.0017) (0.0013)

Ln (Median Income) 0.0055** 0.0020
(0.0021) (0.0017)

Ln (Population Density) -0.0008 -0.0022
(0.0021) (0.0019)

% of Minority -0.0072*** -0.0072***
(0.0014) (0.0010)

% of BA (education) 0.0091*** 0.0071***
(0.0018) (0.0012)

Observations 577,894 1,002,367
R-squared 0.1067 0.0874
FE County x Ind County x Ind
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