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Abstract

This dissertation explores the role of government procurement in American innova-

tion. By leveraging government R&D contracts, which often carry an implicit promise

of future production contracts, the U.S. government plays a central role in incentivizing

technological advancement. However, the mechanisms and outcomes of this process remain

underexplored. This work addresses three key research questions: (1) How do government

R&D contracts in�uence private sector investment in innovation? (2) What is the private

value of these contracts for �rms? (3) How do startups leverage government R&D contracts

to experiment and grow?

The �rst study examines the interaction between government R&D contracts and corpo-

rate investment in innovation. Using a novel dataset of $4.2 trillion in federal procurement

contracts matched to publicly traded �rms, the analysis reveals a �crowding-in� e�ect, where

�rms co-invest in upstream R&D to secure lucrative, noncompetitive production contracts.

A theoretical framework explains the conditions under which bundling R&D and produc-

tion contracts is optimal, producing higher quality outcomes at lower costs when �rms have

production capabilities. However, empirical evidence shows that this e�ect has weakened

over time as procurement policy changes have increasingly decoupled R&D from production

contracts.

The second study quanti�es the private value of government R&D contracts, highlight-

ing their dual role in funding innovation and signaling future demand. The stock market

reaction to a contract announcement indicates that the value of an R&D contract extends

well beyond its face value, averaging 19 times the potential revenue from the contract itself.

This value is highly concentrated among large, vertically integrated �rms that bene�t dis-

proportionately from a procurement regime that bundles R&D and production contracts.

A conceptual framework elucidates the mechanisms driving this concentration and its im-

plications for market dynamics.

The third study investigates the role of government R&D contracts in enabling startups
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to experiment with technologies and markets. Analyzing $42 billion in R&D contracts

awarded to high-tech startups, the study �nds that market experimentation drives superior

performance outcomes, particularly for low-growth startups. Using exogenous increases in

R&D contract value triggered by the end of the �scal year and eligibility criteria for small

business programs, the analysis shows that startups bene�t signi�cantly from government

funding, but the gains are heterogeneous depending on industry and �rm characteristics.

Together, these �ndings emphasize the complex role of government procurement in shap-

ing American innovation. By integrating theoretical insights with empirical analyses, this

dissertation highlights the bene�ts and challenges of government procurement of innovative

products and services, o�ering policy recommendations to enhance the e�ectiveness of R&D

contracts in driving technological progress and economic growth.
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1. Introduction

1.1 Motivation

Government procurement plays a central role in shaping technological innovation in the

United States.1 By awarding R&D contracts to private �rms, the government not only

funds research but also in�uences the direction, scale, and commercialization of new tech-

nologies. However, the mechanisms through which procurement policies a�ect innovation�

whether by incentivizing corporate investment, altering �rm valuation, or enabling startup

experimentation�remain underexplored. This dissertation seeks to bridge this gap by ex-

amining how government R&D contracts shape �rm behavior and innovation outcomes

across di�erent types of �rms and procurement structures.

The U.S. government, the world's largest customer, purchased products and services

worth 9.3% of GDP in 2015 (OECD, 2017, Table 9.1). The typical procurement process

involves an agency identifying needs, determining the purchase method, and carrying out

the acquisition per the Federal Acquisition Regulation (see Appendix A).

This dissertation focuses on the e�ect of R&D contracts because they represent how

federal agencies express demand for innovative products and services. FAR Section 35.003

states that R&D contracts �shall be used only when the principal purpose is the acquisition

of supplies or services for the direct bene�t or use of the Federal Government.� However,

the work, methods, and success probabilities cannot be fully speci�ed in advance. As shown

in Figure 1.1, R&D contracts (solid line) are a signi�cant public investment in innovation,

comparable to the R&D performed by the federal sector (intramurally and in federally-

funded research and development centers, dashed line).

Despite its scale, government procurement's role in fostering innovation has received less

attention than other policy tools, such as R&D tax credits and direct grants. Unlike grants,

R&D contracts often come with an implicit promise of future production contracts, poten-

tially creating long-term incentives for private-sector investment. However, recent shifts

1 This chapter adapts material from joint work with Sharon Belenzon (Belenzon & Cioaca, 2024). Both
authors have contributed equally.
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FIGURE 1.1: R&D Contracts vs. R&D Performed by the Federal Sector

in procurement policy�such as the decoupling of R&D from production contracts�raise

important questions about whether these incentives remain e�ective. At the same time,

government contracts may serve as strategic signals for �rms, in�uencing investor percep-

tions and �rm valuation beyond their direct funding impact. Additionally, for startups,

procurement can provide critical support for early-stage experimentation, but its bene�ts

may be unevenly distributed across di�erent types of ventures.

De Rassenfosse et al., 2019 �nd that about 1.5% of all R&D contracts awarded during

2000-2013 have led to at least one patent, for a total of about 13,000 patents. Those

contracts accounted for 36% of the total R&D contract value.

To address these issues, this dissertation examines the role of government R&D contracts

through three distinct but interrelated studies. Each study focuses on a speci�c mechanism

through which procurement in�uences innovation, o�ering novel insights into how �rms

respond to government contracting opportunities.

1.2 Research Questions and Contributions

This dissertation explores three research questions.

How do government R&D contracts in�uence private-sector investment in innovation?

If government contracts crowd in corporate R&D investment, they may serve as a powerful
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demand-side policy tool, complementing traditional supply-side incentives like tax credits

and grants. However, if �rms view R&D contracts as substitutes for their own invest-

ment, procurement may fail to stimulate additional innovation. Recent procurement policy

changes have increasingly decoupled R&D contracts from follow-on production contracts,

potentially weakening �rms' incentives to co-invest in R&D. This study investigates how

these shifts have altered corporate innovation behavior.

What is the private value of government R&D contracts for �rms? While R&D contracts

provide direct funding, they may also serve as signals of future demand, in�uencing �rm

valuation and strategic decisions. Understanding how investors perceive these contracts

can provide deeper insights into their broader economic impact. Prior research has not

systematically measured how investors react to R&D contract announcements or whether

the perceived value of these contracts extends beyond their face value. This study addresses

that gap by quantifying investor responses and identifying �rm characteristics that drive

variations in contract value.

How do startups leverage government R&D funding to experiment and grow?Startups

are a critical engine of innovation, but they face signi�cant resource constraints. Govern-

ment R&D contracts may provide a platform for technological and market experimentation,

helping startups achieve technology-market �t and commercialize their innovations. While

some startups thrive with government support, others struggle to translate contracts into

long-term growth. This study explores the heterogeneous e�ects of procurement, showing

that larger and lower-growth startups bene�t most from R&D contracts, while high-growth

startups may see more limited gains.

By addressing these questions, this dissertation advances our understanding of the con-

ditions under which government procurement fosters innovation and �rm growth.

1.3 The Structure of the Dissertation

The dissertation is organized as follows. Chapter 2 examines whether government R&D

contracts crowd in corporate investment in innovation. Using a dataset of $4.2 trillion in
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federal procurement contracts matched to publicly traded �rms, the study �nds that �rms

increase their R&D investments when they anticipate noncompetitive follow-on production

contracts. A theoretical framework explains the conditions under which bundling R&D

and production contracts is optimal, producing higher quality outcomes at lower costs

when �rms have production capabilities. However, as recent procurement policy changes

have increasingly decoupled R&D from production, this e�ect has weakened over time.

Chapter 3 quanti�es how investors perceive government R&D contracts. Analyzing

stock market reactions to contract announcements, the study �nds that investors assign an

average value 19 times higher than the face value of the contract. This e�ect is concentrated

among large, vertically integrated �rms, which bene�t disproportionately from the bundling

of R&D and production contracts.

Chapter 4 explores how procurement enables technology and market experimentation

among startups. The analysis, based on $42 billion in R&D contracts awarded to high-tech

startups, shows that lower-growth startups bene�t the most, suggesting that procurement

plays an important role in fostering early-stage innovation. However, these bene�ts are not

evenly distributed, raising questions about how procurement policies can be optimized to

better support startup ecosystems.

Chapter 5 synthesizes the �ndings, discusses their theoretical and policy implications,

and outlines future research directions.

1.4 Managerial and Policy Relevance

The �ndings of this dissertation have important implications for business leaders and

policymakers. For �rms, the study underscores the strategic value of government R&D

contracts beyond direct funding. Firms should recognize that government contracts serve

as signals to investors and partners, in�uencing �rm valuation and strategic positioning.

High-tech �rms, in particular, should integrate procurement into their long-term innovation

planning.

For startup founders and investors, the �ndings reveal that not all startups bene�t
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equally from government procurement. While lower-growth startups use R&D contracts

as platforms for experimentation, high-growth startups may face constraints that limit

their ability to capitalize on these opportunities. Investors should assess how a startup's

business model aligns with procurement structures when evaluating the potential bene�ts

of government funding.

For policymakers, the research highlights how procurement design in�uences corporate

innovation incentives. The weakening of the crowding-in e�ect suggests that recent shifts

in procurement policy may have unintentionally dampened �rms' willingness to co-invest in

R&D. Policymakers should consider whether linking R&D and production contracts could

restore stronger innovation incentives.

1.5 Conclusion

Government procurement is more than a funding mechanism�it is a market-shaping

tool that in�uences corporate strategy, �rm valuation, and entrepreneurial experimentation.

However, its e�ectiveness depends on how contracts are structured and which �rms bene�t

from them. By analyzing the mechanisms through which procurement shapes innovation,

this dissertation provides new insights into the broader economic and strategic consequences

of government intervention in R&D.

The following chapters build on these ideas, providing empirical evidence on how gov-

ernment R&D contracts shape �rm behavior, how investors perceive these contracts, and

how startups leverage them for growth. Understanding these dynamics is crucial for de-

signing procurement policies that maximize innovation and economic growth in the United

States.
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2. Guaranteed Demand and Corporate R&D

2.1 Introduction

The government in�uences corporate innovation by providing subsidies for research

and development (R&D), directly through tax credits, R&D contracts, or grants, or in-

directly through spillovers from government-funded R&D and support for education.1 A

less studied channel is the ability of the government to increase the private value of sci-

enti�c research (henceforth, �upstream R&D�) and technology development (henceforth,

�downstream R&D�) through procurement of innovative products and services (henceforth,

�government production contracts�). This study examines the e�ect of government R&D

contracts on upstream and downstream corporate R&D and shows that the e�ect operates

through guaranteed demand: rewarding �rms that demonstrate technological superiority in

R&D with noncompetitive production contracts.

Understanding how government procurement a�ects corporate innovation is important

due to procurement's massive size, wide scope, and unique characteristics. Government

procurement is large and growing. Between 1980 and 2015 (the last year of our sample),

the U.S. government more than doubled its annual procurement, from $207 billion to $420

billion. 2 The 2015 amount included $37.5 billion in R&D contracts, as compared to $3.6 bil-

lion in federal grants awarded to businesses that year. Moreover, government procurement

touches many industries and encompasses much more than military acquisition, especially

in recent decades. Between 1980 and 2015, the U.S. government awarded contracts to �rms

in 351 SIC3 industries. The share of nonmilitary procurement dollars in all government

procurement rose from 49% in 1982 to 72% in 2015.

Yet, despite its size and scope, government procurement has been understudied in the

innovation literature. Existing work has advanced our understanding of how grants a�ect

scienti�c research and technology development by individual researchers and small �rms

1 This chapter adapts material from joint work with Sharon Belenzon (Belenzon & Cioaca, 2024). Both
authors have contributed equally.

2 All dollar amounts in this dissertation are reported in constant 2012 dollars, unless noted otherwise.
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(e.g., Howell, 2017; Myers & Lanahan, 2022; Wallsten, 2000). However, it has largely

neglected the e�ect of demand-side policies on corporate R&D. While both grants and

R&D contracts subsidize R&D (a supply-side e�ect), only R&D contracts carry the im-

plicit promise of future government demand (a demand-side e�ect). Unlike grants, R&D

contracts create knowledge thatmust be implementedin production contracts. Federal Ac-

quisition Regulation (FAR) Section 35.003 speci�cally notes that R&D contracts �shall be

used only when the principal purpose is the acquisition of supplies or services for the direct

bene�t or use of the Federal Government.� The need for implementation means the govern-

ment must design contracts that not only encourage innovation but also overcome frictions

in implementing knowledge in production. Such frictions may arise when there is high

complementarity between R&D and production; the government faces contractual prob-

lems due to tacit knowledge and asymmetric information (e.g., Bhattacharya, 2021; Che

et al., 2021); or �rms face problems due to incomplete contracts between R&D specialists

and producers (e.g., Hart & Moore, 1988, 1999).

Our research question examines the e�ect of R&D contracts on corporate innovation,

focusing on whether these contracts crowd in corporate R&D investment through the mech-

anism of guaranteed demand�an implicit promise to compensate �rms for successful R&D

e�orts by awarding them noncompetitive production contracts. The main challenge is that

guaranteed demand is not directly observable; its implicit nature leaves little paper trail.

To address this challenge, we develop a conceptual framework to analyze when it is

optimal for the government to use guaranteed demand as an incentive for R&D. This

includes considerations of the (un)observability of corporate R&D e�orts and the heteroge-

neous R&D and production capabilities of contractors. The government chooses between

two procurement regimes: unbundled procurement, where it pays separately for R&D and

production, and bundled procurement, where it o�ers lower R&D payments but lets the

successful R&D �rm secure the production contract and its pro�ts. In the R&D stage, two

R&D �rms compete to develop the best prototype, with quality based on their unobservable

research e�orts. In the production stage, a second-price auction awards the contract to the
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lowest-cost producer.

The model shows that when R&D �rms lack production capabilities, the government

typically achieves better outcomes by keeping R&D and production contracts separate,

which fosters competition and reduces costs, even with contractual frictions in the R&D

stage (i.e., the R&D prototype quality is unobserved ex-ante). However, when R&D �rms

have production capabilities, bundling becomes advantageous under two conditions: for

more upstream R&D projects (more likely to have unobservable research e�ort) and when

the cost of production entry is low enough to make it attractive for the R&D winner

to enter (but not so low that the R&D loser would enter). Under those conditions, it

is optimal for the government to let the R&D winner manage the production stage, as

the �rm can achieve lower production costs by entering the production competition�an

ability the government lacks. This is crucial for better outcomes through bundling, as

it reduces the information rents that other producers would capture. Anticipating these

savings, the government lowers the payment to the R&D winner, whose research e�ort

remains unchanged (a pattern consistent with crowding in) because it expects to make up

the missing pro�t in production. The government achieves the same desired quality at a

lower total cost.

Empirically, a positive e�ect of R&D contracts on corporate R&D suggests that �rms co-

invest with the government, implying that the government does not fully cover R&D costs

and relies on guaranteed demand as a complementary funding mechanism. This crowding

in should occur when R&D projects are more upstream (resulting in more publications)

and involve larger �rms (more likely to have production capabilities). Our empirical results

support this theory, showing a positive e�ect of R&D contracts on publications (but not

on patents) for large �rms.

The acquisition of the Human Landing System (HLS) that will take people back to the

Moon provides an example of guaranteed demand incentives in government procurement. In

April 2020, the National Aeronautics and Space Administration (NASA) awarded $1 billion

in upstream R&D contracts to SpaceX, Blue Origin, and Dynetics to start development of
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the HLS during ten months. In April 2021, due to budgetary pressures, NASA awarded a

single $2.9 billion upstream R&D contract to SpaceX to continue HLS development (instead

of awarding two, as anticipated). Blue Origin and Dynetics protested this award with the

Government Accountability O�ce but lost. In July 2021, Blue Origin o�ered to invest up

to $2 billion in company-funded R&D to remain in the HLS R&D competition.

Why did this company o�er to co-invest in government R&D? To improve its chances of

winning the R&D race, which all but guaranteed Blue Origin billions in future government

demand. Blue Origin was well-positioned to satisfy this demand because it: (i) was an

integrated �rm with both R&D and manufacturing capabilities; (ii) had signi�cant capi-

tal resources from its founder, billionaire Je� Bezos; and (ii) listed Lockheed Martin and

Northrop Grumman�two of the largest government contractors�as subcontractors on the

HLS. While NASA did not respond to Blue Origin's o�er, the agency did award it an R&D

contract worth up to $3.4 billion in May 2023 for developing a second HLS.

We estimate the e�ect of R&D contracts on corporate R&D expenditures, upstream

R&D measured by scienti�c publications and employment of renowned and award-winning

scientists, and downstream R&D measured by patents. We extend the panel of 4,520 �rms

and 60,885 �rm-year observations from Arora, Belenzon, and Sheer, 2021a by adding data

on $4.2 trillion in procurement contracts and $8.8 billion in grants awarded by dozens of

federal agencies.

A key challenge in our analyses is dealing with the endogeneity of contracts (David

et al., 2000). Common positive (negative) technology or demand shocks can a�ect both

government procurement and corporate R&D, leading to OLS estimates that are upward-

biased (downward-biased). To mitigate this concern, we use variation in industry-level

procurement, agency-level windfall funding resulting from the congressional appropriations

process, and product-level procurement to predict �rm-level R&D contracts. We also ex-

ploit a quasi-natural experiment�the end of the Cold War, which triggered substantial

reallocation in government contracts due to changes in national priorities rather than tech-

nology or demand shocks�in an event study design.
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FIGURE 2.1: Share of Non-DoD and Nonmilitary Procurement in All Contracts 3

With our newly assembled data and methodology, we present three sets of results. First,

we show that military products and services no longer dominate federal procurement. The

share of procurement dollars awarded by the Department of Defense (DoD) in all federal

procurement dollars declined from 86% in 1982 to 62% in 2015. At the same time, the share

of procurement dollars for military products and services in all DoD procurement dollars

declined from 64% in 1980 to 45% in 2015. Nonmilitary procurement represented 49% of

all procurement dollars awarded in 1982 but a much larger share of 72% in 2015, as shown

in Figure 2.1. Correspondingly, we found that federal procurement touches a broad set of

R&D-performing �rms, not just military contractors.

Second, we show that R&D contracts crowd in upstream corporate R&D investments.

In our sample, a $10 million increase in R&D contracts increased company-funded R&D

expenditures by $5.3 million. Speci�cally, the $10 million increase in R&D contracts led

to a 3% increase in publications authored by corporate scientists and a 12% increase in

renowned scientists employed by the �rm. However, we found no e�ect on downstream

R&D, as measured by patents.

3 This �gure plots the shares of non-DoD contract dollars (solid line) and nonmilitary contract dollars (dot-
ted line), respectively, in all contract dollars obligated by federal agencies to all recipients (not limited to our
sample �rms) over time. The classi�cation of DoD contracts into military and nonmilitary is described in
Appendix 2.3.
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We explore the guaranteed demand mechanism behind these results: R&D contracts

crowd in company-funded investment in R&D because they carry the implicit promise of

future noncompetitive production contracts. This promise is unobserved in federal pro-

curement data, both ex ante (R&D contracts do not explicitly include it) and ex post

(noncompetitive production contracts cannot be linked, at scale, to R&D contracts that

led to them). Therefore, the guaranteed demand mechanism must be inferred indirectly by

showing that the crowding-in e�ect is present when guaranteed demand is more salient and

absent when it is unlikely to be used. We expect crowding-in when R&D projects are more

upstream (resulting in more publications) and involve larger �rms (which are more likely

to be vertically integrated). Upstream e�orts should be more unobservable and, therefore,

less contractible. Moreover, upstream knowledge should be harder to implement, making

guaranteed demand more salient. Consistent with this, we �nd a crowding-in e�ect in large

�rms for R&D associated with more scienti�c publications and the hiring of additional

renowned scientists, but not with more patents.

Our third set of results focuses on the weakened e�ect of R&D contracts on corporate

innovation over time due to the decoupling of R&D contracts from production contracts

and the implications of this decoupling. Policy reforms implemented in the 1980s and

1990s changed the nature and composition of federal procurement. The Federal Acquisi-

tion Streamlining Act of 1994 shifted procurementaway from mission-focused technologies

that met unique government speci�cations (which accounted for the majority of procure-

ment dollars in the 1960s and 1970s) andtoward commercial and dual-use technologies

that had both military and commercial applications (Weiss, 2014). We document a drop

in noncompetitive production contracts (a direct measure of guaranteed demand) and a

larger allocation of contracts to �rms that do not participate in scienti�c research over

time. These trends suggest that the government has increasingly decoupled R&D races

from production, thus weakening guaranteed demand. We also present evidence suggest-

ing that the implementation of R&D in production might have become more di�cult due

to this decoupling. We document (i) a negative relationship between subcontracting and
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competitive contracts: the share of contracts that are subcontracted to other �rms in total

contracts is lower in industries with a higher share of competitive contracts. This pattern is

inconsistent with e�cient decoupling, which predicts more subcontracting between special-

ized R&D and production �rms when production contracts are awarded competitively. (ii)

There is a larger allocation of R&D contract dollars to research projects that are further

from implementation. And (iii) we �nd a substantial rise in contractual deobligations, our

most direct measure of failed implementation. These trends suggest that decoupling R&D

races from production may have adversely a�ected project success.

We contribute to the literature on how government policy a�ects innovation (e.g., Bloom

et al., 2019; Edler & Georghiou, 2007; D. C. Mowery, 2010; Rogerson, 1989; Slavtchev &

Wiederhold, 2016). We focus on procurement policy, an area that has received less scholarly

attention. From the Buy American Act of 1933 to President Biden's 2021 Executive Order

on Ensuring the Future Is Made in All of America by All of America's Workers, legisla-

tive actions have used production contracts to stimulate domestic economic activity and

support speci�c industries or regions. Our research is the �rst to demonstrate the e�ect of

government procurement on both the �R� and �D� components of corporate R&D, with a

particular emphasis on the guaranteed demand mechanism. Understanding this mechanism

is crucial because it reveals how the government can strategically in�uence corporate R&D

investment by o�ering production contracts as incentives rather than just paying for R&D

directly. A key contribution of this study is identifying when large �rms have an advan-

tage over smaller �rms in responding to such incentives. By highlighting those conditions,

we provide insight into the broader dynamics of innovation ecosystems, showing how gov-

ernment demand-side policies shape the strategic decisions of �rms and, consequently, the

direction and intensity of corporate R&D e�orts.

In terms of managerial implications, our �ndings highlight the strategic advantage large

�rms gain from the guaranteed demand mechanism, which allows them to align R&D ac-

tivities with production opportunities. The ability to integrate R&D with production ca-

pabilities provides a substantial competitive edge. Conversely, small �rms face structural
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disadvantages due to their limited production capabilities, which hinder their ability to cap-

italize on government R&D contracts. It is, therefore, important for managers of smaller

�rms to recognize these constraints and develop strategies to mitigate them.

Potential strategies include forming alliances with larger �rms, known as �teaming agree-

ments,� which can provide access to necessary production capacity. Additionally, small �rms

can focus on subcontracting opportunities with larger �rms, a practice closely related to

strategic alliances. Another approach is targeting downstream R&D projects, where the

guaranteed demand mechanism is less likely to be employed, allowing them to compete

more e�ectively. Future theoretical and empirical research should explore the e�ective-

ness of these strategies in helping small �rms overcome the challenges posed by limited

production capabilities.

Finally, as shown in this study, recent procurement reforms have weakened the guar-

anteed demand mechanism, potentially reducing the disadvantages faced by small �rms.

This shift creates new opportunities for small �rms to bid on R&D contracts, particularly

from agencies less reliant on guaranteed demand, thereby leveling the playing �eld. Future

research should explore these reforms' implications for the scale and nature of small �rm

participation in government procurement.

2.2 Background on Government Procurement

To understand government procurement's impact on corporate innovation, we must �rst

understand (i) which agencies buy, (ii) what they buy, (iii) from whom, and (iv) how they

use R&D contracts to develop new technologies.

Contract distribution by awarding agency is highly skewed. The DoD accounts for 69%

of contract dollars from 1980-2015, while the Department of Energy (DoE), NASA, General

Services Administration (GSA), and Health and Human Services (HHS) account for another

16% (see Appendix Table B.1). Even within the DoD, there is signi�cant heterogeneity in

contract size and composition by subagency. The U.S. Navy, Army, and Air Force each

awarded over $2 trillion in contracts from 1980-2015, with 79-90% for production. Con-
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versely, the Defense Advanced Research Projects Agency (DARPA) awarded less than $14

billion, with 91% for R&D services. Thus, the military subagencies were able to guarantee

demand, while DARPA was not.

Despite the DoD's strong position, government procurement is no longer dominated by

military needs. The DoD's share of federal procurement dollars has declined from 86%

in 1982 to 62% in 2015. Additionally, the DoD is increasingly procuring commercially

available and dual-use products and services. The share of military procurement dollars

within the DoD has fallen from 64% in 1980 to 45% in 2015. Together, these trends have

shifted federal procurement towards nonmilitary products and services, as shown in Figure

2.1.

Government procurement touches many industries and �rms. During 1980-2015, federal

agencies awarded contracts to �rms in 351 industries (identi�ed by three-digit SIC code),

including 21 receiving over $100 billion, 54 receiving $10-99 billion, and 58 receiving $1-9

billion. During this period, ten industries received over $1 billion each in R&D contracts.

These ten R&D-intensive industries received $541 billion in R&D contracts and $2.8 trillion

in production contracts from 1980-2015.

2.3 Related Literature

A voluminous literature examines how the government a�ects corporate R&D through

tax credits (e.g., Bloom et al., 2002), grants (e.g., Azoulay et al., 2019; Howell, 2017;

Packalen & Bhattacharya, 2020; Wallsten, 2000), and spillovers from federal laboratories

and universities (e.g., Adams et al., 2003; W. M. Cohen et al., 2002). Government pro-

curement is also covered in theoretical studies on optimal procurement design (e.g., Arve

& Martimort, 2016; Bhattacharya, 2021; Che & Gale, 2003; Che et al., 2021; Decarolis,

2014; Kremer et al., 2022; Riordan & Sappington, 1989), competition (e.g., Kang & Miller,

2022), and e�ciency (e.g., Bandiera et al., 2009; Liebman & Mahoney, 2017). Few studies

empirically examine procurement contracts (e.g., Lichtenberg, 1988; Moretti et al., 2021;

Slavtchev & Wiederhold, 2016). These studies do not estimate the separate e�ects of R&D
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contracts on upstream and downstream R&D or test the guaranteed demand mechanism.

Most prior studies focus on funding from the Small Business Innovation Research (SBIR)

program or the National Institutes of Health (NIH). For example, research shows that

SBIR awards crowd out company-funded R&D expenditures (Wallsten, 2000). Yet, early-

stage SBIR awards increase forward citation-weighted patents, particularly for �nancially

constrained �rms (Howell, 2017). Howell et al., 2021 evaluate policy reforms on how the

U.S. Air Force SBIR program procures new technologies. They compare the conventional

R&D contracting approach, where �rms respond to speci�c solicitations, with an open

approach allowing proposals on any topic. Using data on proposals submitted from 2017

to 2019 and a regression discontinuity design, they �nd that winning an open-topic R&D

contract increases the likelihood of raising venture capital and improves chances of winning

a subsequent non-SBIR DoD contract. This supports the premise that winning R&D races

leads to subsequent production contracts.

Azoulay et al., 2019 show that NIH grants positively a�ect corporate R&D. An addi-

tional $10 million in NIH grants for a research area generates 2.3 additional biopharma-

ceutical �rm patents in that area, or about one patent per 2-3 grants. This shows that

patents are e�ective for appropriating returns from corporate R&D in the biopharmaceu-

tical industry. Yet, NIH's focus on new ideas has declined over time. From the 1990s to

the 2000s, grant support shifted from �edge science� to more traditional science (Packalen

& Bhattacharya, 2020).

A few studies on procurement contracts are more relevant to our study. Lichtenberg,

1988 investigates procurement contracts' e�ect on �rm R&D expenditures using a panel

of 169 U.S. contractors from 1979-1984. He estimates that a $1 increase in competitive

procurement (R&D and production contracts) increases company-funded R&D expendi-

tures by $0.54. He suggests this is due to winning contractors receiving larger follow-on

noncompetitive contracts.

Slavtchev and Wiederhold, 2016 study how the technological intensity of production

contracts (excluding R&D contracts) a�ects private R&D expenditures using a panel of
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U.S. states from 1999-2009. They estimate that each procurement dollar the government

shifts from low-tech to high-tech industries induces an additional $0.21 in private R&D

expenditures. This crowding-in e�ect arises not from an increase in overall government de-

mand but from increased high-tech government demand. This suggests that the government

can incentivize private R&D investment by altering the composition of its procurement.

Moretti et al., 2021 study the e�ect of government-funded R&D on private R&D using

industry-level data from OECD countries and �rm-level data from France during 1980-2015.

They �nd a crowding-in e�ect, where increases in government-funded R&D subsidies (R&D

grants and contracts) drive additional private R&D investment. In their analyses of 12,539

French �rms, they use industry-level defense R&D subsidies as an instrument for public

R&D funding. They estimate that a e 1 increase in government-funded R&D generates

e 0.85 of additional corporate R&D.

Our work diverges from previous studies in several key ways. First, we examine the e�ect

of R&D contracts separately on upstream corporate R&D (scienti�c research or �R�) and

downstream corporate R&D (technology development or �D�) and systematically explore

the guaranteed demand mechanism behind the e�ect. Second, we advance data and iden-

ti�cation by matching contracts from dozens of agencies to thousands of R&D-performing

American �rms and their subsidiaries over decades. We use industry-level contracts to pre-

dict �rm-level contracts, similar to Moretti et al., 2021, and also provide causal evidence

from procurement changes driven by geopolitical forces. Third, to our knowledge, we are

�rst to analyze how the nature and composition of government procurement have changed

over recent decades. Documenting these changes helps us understand the implications of

procurement policy reforms from the 1980s and 1990s.

2.4 Conceptual Framework

We seek to understand when �rms co-invest with the government to address techno-

logical problems. According to the guaranteed demand mechanism, this occurs when �rms

expect a noncompetitive production contract after successful R&D. We cannot directly test
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this mechanism because the bundling of R&D and production contracts is unobservable

in procurement data. We theorizewhen it is optimal for the government to bundle R&D

and production contracts and empirically examine if crowding in occurs under those con-

ditions. Crowding in means the government does not cover the full R&D cost, indicating

the production contract is part of the reward for successful R&D.

2.4.1 Setup

We present a framework to analyze when it is optimal for the government to bundle

R&D and production contracts instead of awarding them separately. Contractors create

innovative products and services in three stages: (i) research, (ii) development, and (iii)

production. For analytical convenience, we model theresearch stage as a contest between

two symmetrical R&D �rms where the �rm with the highest-quality prototype wins a prize.

We assume prototype quality is a stochastic function of research e�ort, observableex-post,

but not contractible (as the e�ort itself is not observable and contractible). We relax

this assumption in Appendix 2.1. We model thedevelopmentstage as a cost-plus contract,

assuming development e�ort is observable and contractible. We model theproduction stage

as a second-price auction among many producers, where the lowest-cost producer wins and

is paid the second-lowest production cost. We assume production costs are stochastic and

private information.

The government chooses between two procurement regimes: (i) unbundled and (ii)

bundled. In the unbundled regime, R&D outcomes are delinked from production pro�ts.

The government pays separately for R&D and production. In thebundled regime, the

R&D winner automatically receives the production contract. Thus, the government can

use production pro�ts as part of the reward for successful R&D. Empirically, this elicits a

crowding-in e�ect, where R&D �rms use private funds for research in expectation of the

production reward.

See Table 2.1 for notation. In the research stage, R&D �rms invest e�ort to create

proof-of-concept prototypes. Each prototype's quality,qi , is revealed. The highest-quality
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Table 2.1: Notation

Concept Notation

R&D �rms i P t1, 2u
Research effort ei

Cost per unit of research effort g
Quality of proof-of-concept prototype qi

Research prize under unbundled regime Pu

Combined payment under bundled regime Pb
Producers k P t1, 2, ...,mu
Fixed cost of entry into production F
Production cost Ck
Production cost of the lowest-cost of m producers Cm
Production cost of the second-lowest-cost of m producers Cm

Gross production pro�t (when there are m producers) Dm

prototype is chosen. The winner receives a prize,Pu in the unbundled regime and Pb in

the bundled regime. In the development stage, the �rm with the highest-quality prototype

receives an R&D contract to develop, test, and evaluate it. It earns a pro�t of Pd. In

the production stage, �rms draw the cost of producing the operational prototype. In the

unbundled regime, the production contract goes to the lowest-cost �rm, which receives

a price equal to the second-lowest cost. In the bundled regime, the production contract

goes to the research stage winner, who chooses to produce internally or subcontract to a

lower-cost producer.

There are two R&D �rms, i = 1, 2. Each �rm creates a proof-of-concept prototype.

Prototype quality is qi = r i + ni , where r i is the research e�ort and ni is a stochastic term.

Research e�ort is not observable, while its cost isgexp(r i ), with g ¡ 0. For analytical

convenience, we assumeni has a type I extreme value distribution with parameters m =

0,b = 1 so that Pr[q1 ¡ q2] =
exp(r1)

exp(r1) + exp(r2)
. Using exp(r i ) = ei , we can write

Pr[q1 ¡ q2] =
e1

e1 + e2
.

We assume the R&D �rm with the highest-quality proof-of-concept prototype auto-

matically receives the development contract. Empirical evidence shows that 77% of R&D
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contract dollars from 1980-2015 were cost-reimbursement contracts. This indicates that

development e�ort is observable and contractible. Thus, the �rm with the highest-quality

proof-of-concept prototype earns a pro�t of Pd for developing the operational prototype.

Since development does not a�ect research e�ort, we setPd = 0.

We assume the government needs one unit of the �nal product, simplifying the distinc-

tion between marginal cost and average cost. Producing the operational prototype varies

in cost among potential producers. There arem potential producers, k = 1, 2, ...,m, each

with a cost Ck revealed in the production stage. Each producer incurs a �xed entry cost of

F to understand and bid on producing the operational prototype.

We consider two cases: (i) the R&D �rms lack production capabilities, and (ii) the R&D

�rms have production capabilities.

2.4.2 R&D Firms Lack Production Capabilities
2.4.2.1 Unbundled Procurement Regime

In the unbundled regime, R&D outcomes are delinked from production pro�ts (i.e.,

the government does not use production pro�ts to reward research). The government

awards the production contract to the lowest-cost producer, which earns a gross pro�t of

Dm = Cm � Cm, where Cm is the cost of the second-lowest producer and Cm is the lowest.

If the production cost is veri�able, D is the allowed markup on the production cost. A

producer has an expected payo� of:

P (m) =
1
m

Dm � F =
1
m

(Cm � Cm) � F (2.1)

We assume the expected production payo� is positive (P (m) ¡ 0).

Let qu be the quality of the winning proof-of-concept prototype. This is the maximum

of two random variables whose means depend on the research e�ort. The research e�ort

depends on the incentives faced by the R&D �rms.

For simplicity, we assume the government's payo� from quality is a linear function
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V (qu) = a + bqu so that V1(qu) = b, a constant. The government's expected payo� is:

W = Equ [V (qu)] � Pu � Cm = Equ [V (qu)] � Pu � Cm � Dm (2.2)

The government choosest Pu, Dmu to maximize W.

R&D �rm 11s expected payo� is:

P 1 =
e1

e1 + e2
Pu � ge1 (2.3)

Assuming that the participation constraint is satis�ed (i.e., P i ¥ 0), the optimal research

e�ort for �rm 1 is given by the �rst order condition:

e2

(e1 + e2)2 Pu � g = 0 (2.4)

At a symmetric Nash Equilibrium, e1 = e2 = e =
Pu

4g
. The participation constraint

is satis�ed as each R&D �rm's equilibrium expected payo� is 1
2Pu � 1

4Pu = 1
4Pu ¡ 0. To

extract the R&D rents, the government can charge a �xed entry fee of1
4Pu. This fee can

only a�ect the decision to participate, not the research e�ort. Therefore, it leaves the

government's choice between bundling and unbundling una�ected.

The winning prototype's expected quality isE [maxt q1, q2u] = A + ln (2e) = A + ln ( Pu
2g),

where A is a constant.4 Therefore, the government's objective function is:

max
Pu,Dm

t V (A + ln (
Pu

2g
)) � Pu � Cm � Dmu (2.5)

The �rst order condition requires that:

V1(A + ln (
Pu

2g
))

Bln Pu

BPu
� 1 = 0

ùñ Pu = b

(2.6)

4 Recall qi = r i + ni . The expected value of maxt q1, q2u = A + ln (exp(r1) + exp(r2)) = A + ln (2e), where
ei = exp(r i ) = e, A = m+ g, mis the mean of n and is assumed to be zero, andg is Euler's constant.
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The government's payo� is maximized when D = 0, as it induces no research e�ort

and the R&D �rms' participation constraint is trivially satis�ed. However, a second-price

auction implies the expected value ofD is strictly positive. In general, the government will

seek to pay the lowest production cost.

2.4.2.2 Bundled Procurement Regime

In the bundled procurement regime, the government commits to purchase the �nal

product from the research winner for a combined payment,Pb. Setting Pb = Pu + Cm when

R&D �rms lack production capabilities yields outcomes identical to the unbundled regime.

The research stage winner now holds the production contract and will subcontract to

the lowest-cost producer atCm. We assume the government and the research stage winner

are equally e�cient at the second-price auction. Each of them producers has an expected

payo� of 1
m(Cm � Cm) � F = 1

mDm � F, as before. The research winner's gross payo� is

Pb � Cm = Pu. The symmetric Nash Equilibrium research e�ort is e =
Pb � C

2g
=

Pu

4g
. The

expected R&D pro�t, and hence also the research e�ort and the quality of the proof-of-

concept prototype, are the same. The government's expected payo� remains unchanged.

A single combined payment,Pb, rewards both research and production in the bundled

regime. This payment can be split into a research incentiveI and a production price P,

as long asI + P = Pb = Pu + Cm = Pu + Cm + Dm. The research winner subcontracts

production on behalf of the government. As long as the government sets the compensation

appropriately, there is no advantage to the research winner from bundled procurement.

An important insight is that when R&D �rms lack production capabilities, bundling the

R&D and production stages o�ers no advantage, even if proof-of-concept prototype quality

is not contractible. Contractual frictions alone cannot explain the crowding-in e�ect of

government R&D contracts.
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2.4.3 R&D Firms Have Production Capabilities

When the successful R&D �rm can also produce, awarding both contracts to it can

be optimal for the government. The intuition is that the ability of the winning research

�rm to compete in production allows it to lower production costs, increasing its pro�ts.

Anticipating this, the government can pay less for R&D, leaving it better o� relative to an

unbundled regime.

2.4.3.1 Unbundled Procurement Regime

Integrated �rms can perform R&D and implement the operational prototype in produc-

tion. In the unbundled regime, the (integrated) R&D �rms may also choose to enter the

production stage. R&D �rms have three pro�t streams: research, development (normalized

to 0), and production. However, since the stages are separate, there is no e�ect on research

e�ort, quality, or the government's payo�.

2.4.3.2 Bundled Procurement Regime

Suppose the government commits to buy the �nal product from the research winner,

and both R&D �rms can produce. The research winner awards the production contract

to the lowest-cost producer atCm+ 1. We useCm+ 1 for the lowest cost amongm + 1 pro-

duction participants. Although it could produce itself, the research winner bene�ts from

subcontracting (unless it is the lowest-cost �rm).

As before, by entering the production auction, it can earn a positive expected production

pro�t. However, unlike earlier, its total pro�ts increase by more than the production pro�t.

The research winner's expected pro�t is(Pb � Cm+ 1 � ge) + t 1
m+ 1(Cm+ 1 � Cm+ 1) � Fu. The

�rst pro�t stream (in parentheses) is from supplying the bundled product. The second pro�t

stream (in curly brackets) is the production pro�t.

The production pro�t is also available to the losing R&D �rm with production capability.

(It is also available in the unbundled regime.) Thus, the production pro�t does not impact

research stage returns or e�ort.

The �rst pro�t stream increases with more producers. Thus, participating in the auction
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o�ers two bene�ts. If the research winner is the lowest-cost �rm, it receives a positive payo�.

If it is the second-lowest-cost �rm, it pays less to the winner of the production auction.

Consider the case when R&D �rms have a higher �xed cost than existing producers. That

is, F̃ ¡ F so that 1
m+ 1(Cm+ 1 � Cm+ 1) � F̃ = 0. The research winner's expected gross pro�t

is (Pb � Cm+ 1) = ( Pb � Cm) + ( Cm � Cm+ 1). If Pb is set so that Pu = Pb � Cm, the research

winner's expected pro�ts are higher with a bundled contract by the amount it lowers the

second-lowest cost.5 This bene�t occurs only in the bundled regime and only if the research

winner has production capability and participates in the production auction.

Impact on the research e�ort . Firm 1's expected payo� is:

P 1 =
e1

e1 + e2
(Pb � Cm+ 1) +

1
m + 1

(Cm+ 1 � Cm+ 1) � F � ge1 (2.7)

At a symmetric Nash Equilibrium, research e�ort is e =
Pb � Cm+ 1

4g
, which is greater

than in the unbundled regime becausePb � Cm+ 1 = Pu + Cm � Cm+ 1 = Pu + X, where

X ¡ 0. Since the total cost to the government,Pu + Cm, is the same in both regimes, the

government bene�ts from the bundled regime, which yields a higher quality prototype.A

key takeaway is that the government prefers bundling when there are production rents and

R&D �rms have production capability. However, the government could do better.

Government policy. We assumed the government setPb = Pu + Cm, leaving the winner

with an additional R&D pro�t of X = Cm � Cm+ 1. The government can account for this

pro�t and reduce the bundled payment. Given that optimal quality is V1 = b = Pu, it

will. Formally, in a bundled regime where the participants have production capability, the

government maximizes:

W = max
Pb

t V (A + ln (
Pb � Cm+ 1

2g
)) � Pbu (2.8)

5 To illustrate this, suppose m = 2. Suppose the research winner can participate in the production auction
under the unbundled regime. In that case, its pro�ts increase by 1

3(C3 � C3 � F) because with probability 1
3 ,

it will be the lowest cost �rm. In the bundled regime, it garners an additional bene�t because it pays Pb � C3
instead of Pb � C2 to the subcontractor. In other words, it has to pay C2 � C3 less to its subcontractor.
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The government will set Pb = Pu + Cm+ 1 = Pu + Cm � (Cm � Cm+ 1) = Pu + Cm � X to

reduce its cost byX while maintaining the same expected quality,
Pu

2g
, as in the unbundled

case. In other words, there is a pattern consistent with �crowding-in.� The government

reduces the payment to the research winner byX, whose research e�ort remains unchanged

because it anticipates making up the missing pro�t in production.

This assumes production entry costs are low enough to attract the research winner but

not so low that the loser also enters. Given thatX = Cm � Cm+ 1, the following condition

must hold:

�
1

m + 1
(Cm+ 1 � Cm+ 1)

�
¤ F ¤ X +

�
1

m + 1
(Cm+ 1 � Cm+ 1)

�
(2.9)

If the �rst inequality is not satis�ed, R&D �rms will enter the production auction even if

they lose, preventing the government from extracting those rents by reducing the bundled

payment. If the second inequality is not satis�ed, the winning research �rm will not enter

the production auction.

A key takeaway is that the government prefers bundling if R&D �rms have production

capabilities but will participate in production only if they win the research stage (i.e.,

when Equation 2.9 is satis�ed). The government would lower the bundled price to keep

the research e�ort una�ected. In other words, when R&D �rms can enter production,

the government may bundle but lower prices to reduce costs without a�ecting the research

e�ort. Intuitively, when the successful R&D �rm can lower expected production costs, it will

internalize this expected reward in its R&D decisions. Anticipating this, the government

will lower its R&D payment without a�ecting the expected prototype quality. Bundling

reduces the government's cost without reducing the research e�ort.

Appendix 2.1 extends this framework by considering contractible research quality. In

short, the government fares better with contractible quality. Conditions for bundling the

R&D and production stages remain as outlined, with identical implications for crowding

in.
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2.4.4 Empirical Predictions

Empirically, crowding in (i.e., using private funds to co-invest in R&D with the govern-

ment) should be present when R&D �rms expect additional pro�ts from production. This

suggests that crowding-in should be stronger when the government relies more on bundled

procurement. That should occur when two conditions are met simultaneously:

1. When the R&D project is more upstream (and e�ort is less likely to be observ-

able). This suggests a positive e�ect of R&D contracts on corporate publications and

renowned scientists but not on patents.

2. When R&D �rms have production capabilities. This suggests a positive e�ect of R&D

contracts on corporate publications and renowned scientists for large �rms but not

for small �rms.

We assumed the development stage has no incentive e�ect. In reality, both research

and development may be stochastic functions of unobserved e�ort. However, this is likely

higher for research than for development (overall uncertainty is higher in upstream R&D).

Consequently, the government has fewer opportunities to crowd in development investments

compared to research investments.

2.5 Data and Measures

We combine data from four primary sources: (i) corporate R&D data, including matched

publications and patents (Arora, Belenzon, & Sheer, 2021a); (ii) biographical data from the

American Men & Women of Science (AMWS) directory; (iii) government procurement data

from the Federal Procurement Data System (FPDS); and (iv) government grant data from

the Treasury DATA Act Broker. Data construction is summarized below and detailed in

Appendix 2.2.

2.5.1 R&D Expenditures, Publications, and Patents

We extend the Arora, Belenzon, and Sheer, 2021a panel by matching �rms to prime

federal procurement contracts (1980-2015) and grants (2001-2015). The Arora, Belenzon,
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and Sheer, 2021a panel accounts for changes in company names and ownership (e.g., due

to mergers, acquisitions, or spino�s), enabling accurate contract and grant �ows.

Our sample includes 4,520 U.S. publicly traded �rms with at least (i) one year of R&D

expenditures, (ii) one granted patent, and (iii) three years of consecutive �nancial records

from their �rst patent. We use data on �rm accounting measures (e.g., sales and R&D

expenditures from Standard & Poor's Compustat North America), publications (Clarivate's

Web of Science), and patents (European Patent O�ce's PATSTAT). We measure �rms'

upstream R&D by corporate scienti�c publications and employment of renowned scientists,

and downstream R&D by granted patents (similar to Arora, Belenzon, & Sheer, 2021a;

Arora et al., 2018). Our variable construction work is detailed in Appendix 2.3.

A limitation is that our sample includes only publicly traded �rms, which may not repre-

sent all U.S. innovating �rms. We capture a large share of R&D investments. In 2015, U.S.

businesses funded $333,243 million in R&D (American Association for the Advancement of

Science, 2022), while our sample �rms reported $296,914 million in R&D expenditures to

the Securities and Exchange Commission. These �gures suggest our sample captures up

to 89% of business innovation investments that year. Our framework predicts that only

vertically integrated �rms (i.e., with both R&D and production capabilities) are likely to

crowd in company-funded R&D under a bundled procurement regime. Most privately held

�rms are small and unlikely to have both R&D and production capabilities. To the extent

large privately held �rms respond similarly to the guaranteed demand mechanism as large

publicly traded �rms, our conclusions about the demand-pull incentive for innovation in

federal procurement should generalize.

2.5.2 Renowned Scientists

We collect biographical information from AMWS, a directory of renowned North Amer-

ican scientists in physical, biological, and related sciences. In 39 editions (1906-2021),

AMWS has pro�led over 300,000 people, including �eld of specialty, education, professional

experience, memberships, research, and contact information. We match records in AMWS's
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Table 2.2: Cross Tabulation of Measures of Corporate Science

(1) (2) (3)
Do not employ scientists Employ scientists Total

Do not publish 1,325 172 1,497
Publish 1,468 1,555 3,023
Total 2,793 1,727 4,520

Notes:This table provides a cross-tabulation of measures of corporate science for the 4,520 �rms in our sam-
ple. The unit of analysis is a �rm.

digital editions separately to account for deceased scientists dropped from recent editions

(yet, once identi�ed, AMWS provides a full employment history for the scientist). We

match scientists' employers to subsidiaries and ultimate owners from our �rm panel. We

identify 20,552 renowned scientists who worked for 1,727 �rms in our panel. We aggregate

renowned scientists at the �rm-year level by counting those employed by an ultimate owner

and its subsidiaries annually. AMWS also collects information on major awards won by

scientists, which we use to analyze award-winning scientists in our sample �rms.

The two measures of corporate science�publications and renowned scientists employed�

are highly correlated (Pearson coe�cient of 0.69). However, each measure imperfectly cap-

tures the scienti�c activities of the �rm. Table 2.2 shows that 49% of the �rms that publish

do not employ renowned scientists, while 10% of the �rms that employ renowned scientists

do not publish. This suggests that using both measures of upstream R&D is warranted.

2.5.3 Federal Procurement Contracts

We collect federal procurement contracts and inde�nite delivery vehicles (hereafter,

�contracts�) from SAM.gov (1980-2000) and USAspending.gov (2001-2015). We match con-

tract recipient �rms and their parent companies to subsidiaries and ultimate owners from

our �rm panel (see Appendix 2.2). We identify 8.6 million contracts totaling $4.2 trillion

awarded by 72 federal agencies to 2,578 R&D-performing, publicly traded U.S. �rms (hence-

forth, �contractors�). These contracts represent 33% of the total contract value awarded

during 1980-2015. Contractors often receive multiple contracts per year. We aggregate

contract values at the �rm-year level by summing all contracts and modi�cations awarded

27



to an ultimate owner and its subsidiaries annually.

Agencies use a four-digitProduct or service codeto describe the principal product or

service in each transaction. The 78 two-digit numerical codes for product groups and 24

letter codes for service categories are listed in Appendix Tables B.3 and B.4, respectively.

We use this system to separateR&D contracts from Production contracts (i.e., non-R&D

contracts). We use crosswalks between product and service codes, the North American

Industry Classi�cation System (NAICS), and the Standard Industrial Classi�cation (SIC)

to identify the primary four-digit industry (SIC4) for each transaction. This allows us

to calculate the aggregate value of procurement contracts for each industry-year, which is

essential for constructing our instrumental variables.

The Federal Acquisition Streamlining Act of 1994 establishes a statutory preference

for procuring commercially available products and services. As a result, agencies acquire

products and services as diverse as computers, transportation, and medicine using simpli-

�ed requirements and streamlined practices intended to resemble those used in commercial

markets (e.g., exempting contractors from the requirement to submit certi�ed cost or pric-

ing data). We use theCommercial items acquisition procedures�eld to divide production

contracts into commercial and noncommercial. This allows us to explore how the e�ect

of R&D contracts has evolved with increased procurement of commercially available tech-

nologies and decreased procurement of new technologies designed to meet unique agency

speci�cations.

2.5.4 Guaranteed Demand

Guaranteed demand rewards �rms that demonstrate technological superiority in R&D

races with noncompetitive production contracts. Although federal agencies generally re-

quire full and open competition, the Competition in Contracting Act of 1984 authorized

noncompetitive contracts under speci�c exceptions. Notable exceptions includefollow-on

contracts for continued development or production of major systems, specialized equip-

ment, or (for DoD, NASA, and the Coast Guard) specialized services. This framework lets
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the government bundle R&D races with production by awarding noncompetitive follow-

on contracts. We use theExtent competed �eld to distinguish between competitive and

noncompetitive contracts. This lets us classify industries with top quartile shares of non-

competitive production contracts in all production contracts (relative to other industries'

shares in the same �scal year) as industries with high guaranteed demand. The remaining

industries have low guaranteed demand.

2.5.5 Federal Grants

We collect �nancial assistance awards (grants, cooperative agreements, and direct pay-

ments, but not loans or insurance; henceforth, �grants�) awarded by all federal agencies

during 2001-2015 from USAspending.gov. Unfortunately, no comparable grant data are

available for �scal years 1980-2000. We match the names of grantees to our �rm panel.

We identify 388 �rms that receive $8.8 billion in grants from 25 federal agencies during

2001-2015. Like contractors, grant recipients often receive multiple grants per year. We

aggregate grants values at the �rm-year level by summing all the grants and modi�ca-

tions awarded to an ultimate owner and its subsidiaries annually. This lets us control for

government funding when testing the guaranteed demand mechanism.

2.5.6 Descriptive Statistics

Table 2.3 presents descriptive statistics for the main variables used in our econometric

analyses. Approximately 71% of sample �rms performed scienti�c research (i.e., employed

at least one renowned scientist or had at least one scholarly publication). These �rms

employed 5 renowned scientists on average and published 17 publications annually. All

�rms had at least one patent by construction. Firms produced 22 patents annually on

average.

Procurement touched a broad set of R&D-performing �rms. In our sample, 1% were

military-only contractors, 29% supplied both military and nonmilitary needs, 27% were

nonmilitary-only contractors, and 43% were noncontractors. Overall, 57% of �rms received

at least one contract during 1980-2015, 22% received at least one R&D contract during
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Table 2.3: Descriptive Statistics for Main Variables

(1) (2) (3) (4) (5) (6)
Distribution

Obs. Mean Std. dev. 10th 50th 90th
R&D expenditures ($ mm) 54,238 111 557.2 0.5 10.0 147.4
Renowned scientists 47,329 5 33.5 0.0 0.0 6.0
Publications 47,329 17 94.9 0.0 1.0 19.5
Patents 60,885 22 132.2 0.0 1.0 31.5
All contracts ($ mm) 41,456 101 1,144.9 0.0 0.1 25.4
R&D contracts ($ mm) 41,456 17 263.1 0.0 0.0 0.6
Production contracts ($ mm) 41,456 84 916.6 0.0 0.1 22.8
Commercial contracts ($ mm) 27,022 12 104.4 0.0 0.0 4.1
Noncommercial contracts ($ mm) 27,022 82 1,013.9 0.0 0.0 9.9
All grants ($ mm) 4,809 2 14.8 0.0 0.0 3.0
Sales ($ mm) 60,557 2,603 12,747.3 2.9 146.3 4,334.6
R&D stock ($ mm) 60,885 428 2,495.1 0.6 26.0 483.3
All contracts / Sales (%) 40,895 3 11.0 0.0 0.0 4.3
R&D contr. / (R&D contr. + R&D exp.) (%) 37,177 3 14.7 0.0 0.0 2.2

Notes:This table presents descriptive statistics for the main variables used in the econometric analyses. The
unit of analysis is a �rm-year. Renowned scientists and publications are summarized for �rms that perform
scienti�c research, while contract statistics are only provided for contractors. Commercial and noncommer-
cial contracts are only summarized for �scal years 1995-2015. Grant statistics are only provided for �scal
years 2001-2015 and �rms that receive at least one grant during this period.

1980-2015, and 9% received at least one federal grant during 2001-2015.

Contractors received an average of $101 million in contracts annually, including $17

million for R&D services. Contractors received contracts from 6 federal agencies on av-

erage (median of 4 agencies). Consistent with the guaranteed demand mechanism, 81%

of �rms that won an R&D contract later received at least one noncompetitive production

contract. Among �rms that never won an R&D contract, only 35% later received at least

one noncompetitive production contract.

Federal contracts averaged 3% of total �rm sales. Similarly, R&D contracts made up

3% of total government- and company-funded R&D. However, 77 �rms received at least

25% of total sales from the government, and 23 received at least 50%. These 23 �rms

were larger ($6,059 million in annual sales), received more R&D contracts ($728 million per

year), published more (49 publications per year), and patented more (28 patents per year)

compared to the average sample �rm. They operated in the Instruments (7 �rms), Business
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services (4 �rms), Chemicals (2 �rms), Electronics (2 �rms), and other main industries (8

�rms). The concentration of government R&D contracts among the top four �rms rose

nearly 25 percentage points from 1980 to 2006, then fell 17 percentage points from 2006 to

2015 (see Appendix Figure B.1). The change in trend is consistent with federal agencies

increasingly implementing competitive procurement practices in the latter sample years.

We carefully evaluated whether government R&D contracts were concentrated in just

a few �rms. After accounting for inter-industry di�erences in the minimum e�cient scale

of operations, we found that 69% ofvery large R&D contracts (�rm-year R&D contracts

above the 90th percentile of same-industry R&D contracts) were awarded to �rms that

were not very large (where very large �rms had annual sales above the 90th percentile

of same-industry annual sales). We concluded that government R&D contracts were not

overly concentrated in the largest of �rms.

There was substantial heterogeneity in contracts by awarding agency (see Appendix Ta-

ble B.18). The average R&D contract value ranged from $8,362 (Federal Maritime Commis-

sion) to $15,999,149 (U.S. Agency for International Development). Average R&D contracts

from the DoD, NASA, and DoE were $4.8 million, $7.3 million, and $3 million, respectively.

These agencies also awarded larger noncompetitive production contracts than the average.

Moreover, agencies that awarded a signi�cant share of basic and applied R&D contracts in

all contracts (which suggests high demand for innovative technologies) also awarded a sig-

ni�cant share of production contracts without competition (see Appendix Figure B.4). This

pattern is consistent with �rms having strong incentives to win R&D races as a pathway

to government demand.

There was heterogeneity in the characteristics of R&D contractors working for di�erent

agencies (see Appendix Table B.19). Firms that won R&D contracts from the Department

of Commerce (DoC) tended to publish more than other R&D contractors. Firms that won

large R&D contracts from one agency tended to also win large R&D contracts from other

agencies (see Appendix Tables B.20 and B.21). Defense R&D contractors tended to work

also for NASA (see Appendix Table B.22). Firms that were R&D contractors for a non-
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defense agency tended also to be defense R&D contractors. At the high end, 93% of DoC

R&D contractors were defense R&D contractors, while at the low end, 52% of HHS R&D

contractors were also defense R&D contractors.

Our sample was drawn from a wide distribution of industries (see Appendix Table B.13).

The two-digit industries (SIC2) most represented were Chemicals (796 �rms), Electronic

Equipment (680 �rms), and Instruments (672 �rms). We classi�ed those industries into

�ve main groups: Chemicals, Electronics, Instruments, Business services, and Others (see

Appendix Table B.14). The largest average annual R&D contracts were in the Others group

($45 million), while the smallest were in Chemicals ($1 million, see Appendix Table B.15).

Among contractors, the number of publications per $1 million in contracts ranged from

a low of 0.05 in the Others group to a high of 3.95 in Chemicals. Industry groups with

the lowest and highest numbers of patents per $1 million in contracts were Instruments

and Chemicals, respectively. Among R&D contractors, publications per $1 million in R&D

contracts ranged from 0.29 in Others to 63.45 in Drugs. Meanwhile, patents per $1 million

in R&D contracts ranged from 0.51 in Instruments to 37.39 in Chemicals.

The composition of government contracts varied by main industry and over time. In

1994, the industries with the highest share of R&D contracts in all contracts were the

Others group (35%) and Instruments (23%). In 2015, the industries with the highest share

of commercial contracts in all contracts were Chemicals (76%) and Electronics (38%).

On average, R&D contractors were larger ($6 billion vs. under $1 billion in annual sales,

see Appendix Table B.8). They invested more in R&D ($265 million vs. $33 million) but had

lower R&D intensity ($1.4 million vs. $5.9 million per $1 million in sales).6 They conducted

more scienti�c research (0.4 vs. 0.3 publications per $1 million in R&D expenditures) and

about half as much downstream development (0.6 vs. 1.2 patents per $1 million in R&D

expenditures). These di�erences persisted compared to other �rms within the same industry

(see Appendix Table B.16).

6 The average R&D intensities are greater than one due to the presence of very large outliers—publicly
traded �rms that invested heavily in R&D expenditures before they achieved signi�cant sales. In our data,
these outliers were primarily �rms in the drugs and biotechnology industries.
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Our analyses are conducted at the �rm-year level. The main dependent variables,R&D

expenditures, Renowned scientists, Publications, and Patents, are highly correlated (see

Appendix Table B.9). The same is true of the main control variables,Salesand R&D stock.

However, their correlations with the independent variableR&D contracts are relatively low,

easing potential concerns about multicollinearity.

2.6 Econometric Speci�cations
2.6.1 R&D Expenditures, Publications, Renowned Scientists, and
Patents Equations

We estimate the following speci�cations for the relationship between R&D contracts

and corporate R&D expenditures, publications, renowned scientists, and patents (denoted

by Yi ,t):

ln (Yi ,t ) = a0 + a1 ln (R& D contractsi ,t� 3) + Z 1
i,t� 3! + � i + � t + ei ,t (2.10)

R& D contractsi ,t� 3 is the dollar value of R&D contracts awarded to �rm i (and its sub-

sidiaries) in year t � 3. Robustness checks in Appendix 2.8 show that our results are not

sensitive to the lag structure used. The vectorZ includes time-varying controls like the

natural logarithms of Salesand R&D stock. The vectors � and � are �rm �xed e�ects and

year �xed e�ects, respectively, and e is an iid error term. All dollar values are adjusted using

the GDP Implicit Price De�ator to re�ect constant 2012 dollars (U.S. Bureau of Economic

Analysis, 2021). When calculating natural logarithms, we add $1 to millions-measured

variables (e.g., R&D expenditures, R&D contracts, and instrumental variables) and one

unit to publications, renowned scientists, and patents. Standard errors are clustered at the

�rm level.

Corporate R&D activities can be �company-funded� (using �rm funds) or �customer-

funded� (under contracts with federal agencies or other customers). We use the fact that

company-funded R&D costs are included inR&D expenditures, while customer-funded R&D

costs are expensed underCost of salesas incurred. Independent company-funded R&D

costs can be recovered as general and administrative overhead (i.e., indirect costs) on federal
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procurement contracts, if allowable, allocable, and reasonable. However, the �rm still bears

the risk of performing the R&D in hopes of recovering it from future contracts. A crowding-

in e�ect of R&D contracts implies â1 ¡ 0.

2.6.2 Identi�cation Strategies

A major econometric challenge is how to deal with the endogeneity of R&D contracts.

Common shocks can a�ect federal procurement and corporate R&D activity. If the U.S.

government targeted �rms with positive (negative) technology or demand shocks, the OLS

estimate ofa1 would be upward-biased (downward-biased). We use two identi�cation strate-

gies to address this concern. First, we construct several instrumental variables that exploit

variation in industry-level procurement, agency-level windfall funding resulting from the

congressional appropriations process, and product or service code (PSC)-level procurement.

We use these instruments to predict R&D contracts at the �rm level. Second, we exploit

the end of the Cold War as a quasi-natural experiment in a panel event study. Robustness

checks in Appendix 2.8 also use procurement shocks from the end of theCold War, the

Global War on Terrorism, and the Financial Crisis in instrumental variable estimations.

2.6.2.1 Instrumental Variables

Our �rst instrument uses industry-level R&D contracts to predict �rm-level R&D con-

tracts. R&D contracts to a �rm's SIC4 industry may still be endogenous (e.g., if a �rm

dominates its industry, both industry R&D contracts and �rm R&D activity may respond

to the same technology shocks). To address this, we use changes in R&D funding at the

SIC3 industry level. We �distribute� these changes across SIC4 industries by time-invariant

industry shares, following Moretti et al., 2021. This approach lowers the instrument's power

in the �rst stage but increases its validity. 7

We build Industry R& D f undingi ,t = ( Industry R& D contractsSIC3,t � Firm R& D

7 Moretti et al., 2021 use the term “predicteddefense R&D subsidies” to describe their instrument. However,
the instrument is not predicted via a �rst-stage regression. Rather, the instrument combines nationwide
changes to defense R&D with �xed (i.e., time-invariant) allocations across industries. We implement the
same approach without using the term “predicted.”
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contractsi ,t ) � Industry shareSIC4,SIC3. Industry R& D contractsSIC3,t is the total R&D

contracts awarded to �rm i's SIC3 industry in year t. Firm R& D contractsi ,t is the value of

R&D contracts awarded to �rm i in year t. Industry shareSIC4,SIC3 is calculated by dividing

the total value of R&D contracts awarded to �rm i's SIC4 industry during 1980-2015 by the

total value of R&D contracts awarded to �rm i's SIC3 industry during 1980-2015. Note that

these total values include R&D contracts awarded by all federal agencies to all recipients,

not just to sample �rms. Additional details about this instrument are included in Appendix

2.5.

Industry-level R&D contracts may be linked to unobserved or mismeasured technology

or demand shocks a�ecting �rm-level R&D decisions. To address this, our second instru-

ment uses variation in the R&D budget authority of 12 federal agencies (plus an �Other�

category) from the American Association for the Advancement of Science (AAAS). We con-

struct Agency R& D budgeti ,t by replacing Industry R& D contractsSIC3,t with
°

Agencies

R& D budgetAgency,t � ShareAgency,SIC3,t . Here,R& D budgetAgency,t is the focal agency's R&D

budget authority in year t. ShareAgency,SIC3,t is the ratio of R&D contracts awarded by the

focal agency to �rm i's SIC3 industry to total R&D contracts awarded by the focal agency

in year t.

Since agency R&D budgets may re�ect technological shocks a�ecting �rm R&D, our

third instrument uses the di�erence betweenrequestedand actual budget authority appro-

priated by Congress for each federal agency, following Dugoua et al., 2022. The annual

Budget of the U.S. Governmentdiscloses both requested and actual amounts. The di�er-

ence between them is the windfall budget authority. We hand-collect this information for

the 12 main agencies and the �Other� category.

This instrument assumes that demand for funding (the requested amount) re�ects a

common technology shock a�ecting both public procurement and corporate R&D activ-

ity. However, the actual budget appropriated by Congress includes a component that is

independent of this shock. Thus, we use an agency's windfall (or shortfall) from political

negotiation between the executive branch and Congress as a source of exogenous variation
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in its R&D budget authority. We build Wind f all-predicted R& D budgeti ,t by replacing

R& D budgetAgency,t with Wind f all-predicted R& D budgetAgency,t , the predicted value of

the agency's R&D budget authority in year t, obtained after regressing the agency's R&D

budget authority on its total budget windfall.

The �rst three instruments use a similar approach (i.e., subtracting the �rm's R&D

contracts, multiplying by ShareSIC4,SIC3). To address common-method potential bias, we

construct a fourth instrument with a di�erent approach and report results in Appendix

2.5. Following Bartik, 1991, we build a shift-share instrument, PSC R& D f undingi ,t =
°

PSCsR& D contractsPSC,t � Sharei ,PSC. The shift, R& D contractsPSC,t , represents R&D

contracts awarded by federal agencies in the focal PSC in yeart. The shift varies over time

but not across �rms. The exposure shares,Sharei ,PSC, are calculated by dividing the value

of R&D contracts awarded to �rm i in the focal PSC during the pre-period by the total

R&D contracts awarded to �rm i during the pre-period. The exposure shares vary across

�rms but not over time. Due to an unbalanced panel, we cannot use the same pre-period for

all �rms. Instead, �rm i's pre-period is [t i , t i + 4], where t i is the �rst year �rm i receives a

government R&D contract. We drop years beforet i + 4 from subsequent analyses for �rm

i.

2.6.2.2 Event Study

During the Cold War (1948-1989), federal procurement aimed at sustaining technolog-

ical superiority for national security (Weiss, 2014). The scale and duration of Cold War

threats led to large procurement budgets dominated by the DoD (D. C. Mowery, 2012).

The end of the Cold War eliminated the perception of an existential threat and drove a

massive reallocation of government procurement.8 For example, DoD procurement obli-

8 The end of the Cold War may have been precipitated by strategic DoD investments (e.g., the Strategic
Defense Initiative or the “Star Wars program,” introduced by President Reagan in 1983 to neutralize the So-
viet nuclear arsenal). To test this, we exclude DoD R&D contracts and examine those from civilian agencies,
whose funding should not have accelerated the Soviet collapse. We also test R&D contracts' effect on pub-
lications using two alternative shocks. The Global War on Terrorism and the Financial Crisis both triggered
massive redeployment of federal procurement funds. These shocks are unlikely to have the same endogene-
ity problem as the Cold War shock.
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gations dropped 38% (from $225.9 billion in 1988 to $140.1 billion in 1992), while HHS

obligations nearly tripled (from $830 million to $2.3 billion).

Overall, government demand fell between 1988 and 1992. Industries saw an average

$84 million reduction in procurement contracts. Not all industries were equally a�ected

(see Appendix Figure B.3 and Appendix Table B.12). �Winners� of increased funding

included IT industries (e.g., computer systems design) and health industries (e.g., medicinal

chemicals). �Losers� included national security industries (e.g., guided missiles). Since the

reallocation was due to geopolitical factors rather than technology shocks, we use the end

of the Cold War as a quasi-natural experiment in a panel event study. We estimate the

following speci�cations:

ln(Y) it =
5¸

j= 2

g j (Lead j) it +
5¸

k= 0

dk (Lag k) it + Z 1
i,t ! + � i + � t + ei ,t (2.11)

Yit denotesR&D expenditures, Renowned scientists, Publications, and Patents for �rm i

in year t. Leads and lags are indicator variables:(Lead j) it = 1[t = Eventshock� j] and

(Lag k) it = 1[t = Eventshock+ k]. Eventshock P t1991, ..., 1994u is the shock year. The

vector Z includes controls for the natural logarithm of Private demand (calculated as

Sales� All contracts) and its percentage change. The vectors� and � are �rm �xed e�ects

(to absorb �rm-speci�c, time-invariant heterogeneity) and year �xed e�ects (to absorb time

trends in our staggered treatment design), respectively, ande is an iid error term.

To isolate the e�ect of increased government R&D demand without a total demand

increase, our event study focuses on �rms in SIC3 industries with large R&D contract

increases but moderate total demand changes. A �large� increase in R&D contracts is a

year-over-year change in R&D contract value in the top 20% of changes between 1991 and

1994. A �moderate� change in total demand is a year-over-year sales change in the middle

60% of changes between 1991 and 1994.9

9 The median year-over-year R&D contract change during 1991-1994 was a 31% decrease. Top 20% indus-
tries saw an increase greater than 44.8%. Over the same period, the median year-over-year change in sales to
a SIC3 industry was a 2.4% increase. Bottom 20% industries had a sales decrease of -6.7% or more, while top
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The event study sample includes 1,395 �rms in 26 industries meeting these criteria.

Private demand did not increase for treated �rms relative to controls after the R&D shock

(see Panel A of Appendix Figure B.5). This con�rms that we successfully controlled for

changes in private demand when constructing our event study sample. Treatment is the

positive R&D contract shock, staggered across industries in the 1991-1994 period. The 111

�rms (from 24 industries) with R&D contracts in 1980-1985 are the treated group, while

the remaining 1,284 �rms (from 26 industries) are the controls. Once treated, �rms remain

so throughout the sample. Estimations use �rms with data for the full 9-year period to

control industry composition changes. Consistent with the assumption that �rms do not

anticipate the R&D shock, treated and control �rms follow parallel pre-trends (see Figure

2.2).

2.7 Estimation Results

Our results point to a strong crowding-in e�ect of R&D contracts on company-funded

upstream R&D, consistent with the guaranteed demand mechanism. Detailed analyses are

included below.

2.7.1 R&D Expenditures Equation

Table 2.4 presents within-�rm estimates for R&D expenditures. OLS estimates from

Columns 1-2 showR&D expenditures were positively related to R&D contracts (p-value <

0.01), regardless of �rm size control. We laggedSalesan additional year to avoid double-

counting R&D contract dollars. Unreported speci�cations show similar coe�cient estimates

on R&D contracts with R&D stock as a size control. Our estimates are similar to Moretti

et al., 2021's �ndings on government R&D subsidies (both R&D contracts and grants) and

company-funded R&D in French �rms.

Columns 3-6 show the 2SLS estimates. For Column 3, we predictedR&D contracts using

the Industry R&D funding instrument (F statistic = 56, see Column 1 of Appendix Table

20% industries saw a sales increase of 15.1% or more. We used these thresholds (increase in R&D contracts
¥ 44.8%, change in sales between -6.7% and 15.1%) to identify SIC3 industries for the study.
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Table 2.4: Estimation Results for the R&D Expenditures Equation

(1) (2) (3) (4) (5) (6)
ln(R&D expenditures) t

OLS:
Within
�rms

OLS:
Within
�rms
(Sales

control)

IV:
Industry

R&D
funding

IV:
Industry

R&D
funding
(Sales

control)

IV:
Agency

R&D
budget

IV:
Windfall-
predicted

R&D
budget

ln(R&D contracts) t� 1 0.011 0.005 0.075 0.062 0.061 0.060
(0.003) (0.002) (0.026) (0.024) (0.023) (0.023)

ln(Sales)t� 2 0.369 0.350 0.351 0.351
(0.016) (0.016) (0.016) (0.016)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 108.82 100.29 101.45 102.25
Firms 4,285 3,827 4,228 3,771 3,772 3,774
Observations 48,835 43,389 45,730 40,473 40,496 40,509
Adjusted R-squared 0.892 0.919 -0.038 0.118 0.119 0.120

Notes:This table presents the estimation results for the relationship between R&D contracts and company-
funded R&D expenditures. Columns 3-6 present the second stage of 2SLS, where R&D contracts are in-
strumented using Industry R&D funding, Agency R&D budget, and Windfall-predicted R&D budget, as noted.
Standard errors (in parentheses) are clustered at the �rm level.

B.10). In the second stage, we regressedR&D expenditureson predicted R&D contracts. As

expected,â1 ¡ 0 (p-value < 0.01). A larger 2SLS estimate (OLS is downward-biased) sug-

gests R&D contracts targeted areas a�ected by negative shocks, consistent with government

procurement aiming to maintain the military-industrial base (Peters, 2021).

At the sample means, Column 4's estimate implies that a $10 million increase in R&D

contracts crowded in $5.3 million in company-funded R&D expenditures. Average R&D

expenditures and R&D contracts were $99.9 million and $11.6 million, respectively. Since

a1 =
BR& D expenditures

BR& D contracts
Avg. R& D contracts

Avg. R& D expenditures
, the marginal e�ect of a $10 million

increase in R&D contracts was10� a1
Avg. R& D expenditures

Avg. R& D contracts
= 10� 0.062

99.9
11.6

= 5.3

million increase in R&D expenditures. Similar estimates were obtained when instrumenting

for R&D contracts usingAgency R&D budgetand Windfall-predicted R&D budget(Columns

5 and 6). Excluding R&D contracts from each of the seven largest federal agencies showed

that our results were not driven solely by the DoD or any single agency (see Appendix
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Table B.23).

In summary, we found that R&D contracts crowded in additional company-funded R&D

investments. Next, we examine the e�ect of R&D contracts separately for upstream and

downstream R&D. Consistent with the guaranteed demand mechanism�which should be

used more when the e�ort is unobservable and implementing knowledge in production is

harder�we expect the e�ect of R&D contracts to be strong for upstream R&D (measured

using publications and renowned scientists), but not for downstream R&D (measured using

patents).

2.7.2 Publications Equation

Table 2.5 shows estimation results for corporate publications, our measure of upstream

R&D output. Column 1 shows Publications were positively related to R&D contracts (p-

value < 0.001). In unreported speci�cations, we obtained similar coe�cient estimates for

R&D contracts when R&D stock was replaced bySalesor omitted.

Columns 2 and 3 present 2SLS results usingIndustry R&D funding and Windfall-

predicted R&D budgetas instruments, respectively. Unreported speci�cations show a coef-

�cient estimate of 0.029 when omitting the R&D stock control. At sample means, Column

2's estimate implies that $23.3 million in additional R&D contracts yields one more corpo-

rate publication. We report additional results using PSC R&D funding as an instrument

for R&D contracts in Appendix Table B.11. Across all these speci�cations, the 2SLS esti-

mate exceeds OLS, indicating that government R&D contracts target �rms facing negative

technology or demand shocks.

Columns 4 and 5 analyze subsamples of �rms that published at least one publication

or employed an award-winning renowned scientist. These �rms were more likely to engage

in upstream R&D. Consistent with the guaranteed demand mechanism, we expect the co-

investment incentive to be stronger for these �rms. Indeed, the R&D contracts coe�cient

estimate was larger. At sample means, Column 5's estimate implies that, for �rms that

employed award-winning scientists, it took only $13.0 million in additional R&D contracts
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Table 2.5: Estimation Results for the Publications Equation

(1) (2) (3) (4) (5) (6) (7)

ln(Publications) t

ln(Citation-weighted
publications) t

OLS:
Within
�rms

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

IV:
Windfall-
predicted

R&D
budget

(Publishing
�rms)

IV:
Windfall-
predicted

R&D
budget

(Award-winning
scientist

employers)

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

ln(R&D contracts) t� 3 0.012 0.034 0.034 0.038 0.073 0.039 0.039
(0.002) (0.018) (0.018) (0.019) (0.026) (0.021) (0.021)

ln(R&D stock) t� 3 0.131 0.116 0.116 0.149 0.257 0.107 0.107
(0.011) (0.010) (0.010) (0.013) (0.032) (0.011) (0.011)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 104.04 93.86 38.32 102.24 104.04
Firms 3,631 3,584 3,587 2,649 597 3,584 3,587
Observations 43,883 41,093 41,130 32,378 9,460 41,093 41,130
Adjusted R-squared 0.873 0.019 0.020 0.024 0.006 0.007 0.007

Notes: This table presents the estimation results for the relationship between R&D contracts and publications. Columns 2-7 present the second stage of
2SLS, where R&D contracts are instrumented using Industry R&D funding, Agency R&D budget, and Windfall-predicted R&D budget, as noted. Column 4 uses
a subsample of �rms that published at least one paper during 1980-2015. Column 5 uses a subsample of �rms that employed at least one award-winning
renowned scientist during 1980-2015. In Columns 6 and 7, the publication �ow is weighted by citations received from other publications, normalized by
average journal-year citations. Standard errors (in parentheses) are clustered at the �rm level.
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to produce one additional publication.

So far, we have focused on the number of corporate publications, not their quality.

Columns 6 and 7 use a quality-adjusted measure of upstream R&D, weighting each pub-

lication by citations received from other publications. Normalized citations are calculated

as (Forward citations received up to 2016) / (Average forward citations received by all

publications published in the same journal and year). Appendix Table B.26 includes two

other quality measures: publications authored by renowned scientists or cited by renowned

scientists. The estimates suggest �rms did not just increase the number of publications

while lowering quality in response to government R&D contracts.

Additional robustness checks are in Appendix Sections 2.6-2.8. The e�ect of R&D con-

tracts on publications was consistent across industries (Table B.14) and robust to excluding

contracts from the seven largest agencies (Table B.24), other funding shocks (Table B.27),

alternative speci�cations (Table B.28), and di�erent time lags (Table B.30). We found no

evidence that R&D contracts crowded out unrelated research areas (Table B.33).

In summary, we document a positive e�ect of R&D contracts on upstream R&D output.

Since upstream R&D is harder to implement (e.g., due to unobservable e�ort), this �nding

aligns with the guaranteed demand mechanism.

2.7.3 Renowned Scientists Equation

Table 2.6 shows the results for renowned scientists, our second measure of upstream

R&D. Columns 2-4 present 2SLS estimates usingIndustry R&D funding , Agency R&D

budget, and Windfall-predicted R&D budget as instruments forR&D contracts. At the sam-

ple means, the estimate in Column 2 implies that $10 million in additional R&D contracts

led to a 12% increase in renowned scientists.

Column 5 uses �rms that employed at least one renowned scientist from 1980 to 2015.

As expected, the coe�cient estimate was signi�cant and larger than in the full sample. Our

results are also robust to using changes in renowned scientist employment as the dependent

variable (Columns 6 and 7).
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Table 2.6: Estimation Results for the Renowned Scientists Equation

(1) (2) (3) (4) (5) (6) (7)
ln(Renowned

scientists)t
ln(Change in

renowned scientists)t

OLS:
Within
�rms

IV:
Industry

R&D
funding

IV:
Agency

R&D
budget

IV:
Windfall-
predicted

R&D
budget

IV:
Windfall-
predicted

R&D
budget

(Scientist
employers)

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

ln(R&D contracts) t� 1 0.005 0.025 0.025 0.025 0.030 0.005 0.005
(0.001) (0.009) (0.009) (0.009) (0.012) (0.002) (0.002)

ln(R&D stock) t� 1 0.045 0.040 0.040 0.040 0.077 -0.001 -0.001
(0.006) (0.006) (0.006) (0.006) (0.012) (0.001) (0.001)

ln(Renowned scientists)t� 1 -0.088 -0.088
(0.006) (0.006)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 110.87 112.68 113.26 77.27 110.04 112.48
Firms 4,370 4,317 4,319 4,321 1,677 4,317 4,321
Observations 52,876 49,702 49,732 49,745 22,898 49,702 49,745
Adjusted R-squared 0.922 -0.012 -0.011 -0.012 -0.005 0.051 0.049

Notes:This table presents the estimation results for the relationship between R&D contracts and renowned scientists. Columns 2-7 present the second stage of
2SLS, where R&D contracts are instrumented using Industry R&D funding, Agency R&D budget, and Windfall-predicted R&D budget, as noted. Column 5 uses a
subsample of �rms that employed at least one renowned scientist during 1980-2015. Standard errors (in parentheses) are clustered at the �rm level.
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In summary, the results for renowned scientists complement those for publications,

easing concerns that publications are a noisy measure of upstream R&D.

2.7.4 Patents Equation

Table 2.7 presents results for corporate patents, our measure of downstream R&D out-

put. Column 1 shows a positive relationship betweenPatents and R&D contracts (p-value

< 0.001). However, the coe�cient estimate was not signi�cantly di�erent from zero once

we instrumented R&D contracts with Industry R&D funding and Windfall-predicted R&D

budget(Columns 2 and 3).

The last four columns use quality-adjusted patent measures. Columns 4 and 5 weight

corporate patents by citations received from other patents. Normalized citations are cal-

culated as (Forward citations received from other patents up to 2016) / (Average forward

citations received by all granted patents in the same 4-digit International Patent Classi�ca-

tion and year). Columns 6 and 7 use the �ow of top-cited patents. These are patents in the

top 1% of forward citations over �ve years (relative to the same application cohort), often

termed breakthroughpatents. The coe�cient estimates imply that �rms were not simply

becoming more selective in their patenting in response to winning R&D contracts. We

obtained similar results when usingPSC R&D funding as an instrument for R&D contracts

(see Appendix Table B.11).

Finding no e�ect on patents aligns with guaranteed demand being less likely in down-

stream R&D. Since e�ort is more observable (and implementation concerns less pressing)

in downstream R&D, the government should use guaranteed demand less in these projects.

Thus, �rms should not co-invest in downstream knowledge. Instead, �rms may fully substi-

tute their investments in downstream R&D with funding from R&D contracts. Our results

are consistent with this logic.

Prior studies �nding a positive e�ect on patenting either estimated federal grants (e.g.,

Azoulay et al., 2019; Howell, 2017) or focused on small �rms (e.g., Howell et al., 2021).

Conversely, we estimated the e�ect of R&D contracts (which are fundamentally di�erent
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Table 2.7: Estimation Results for the Patents Equation

(1) (2) (3) (4) (5) (6) (7)

ln(Patents)t
ln(Citation-weighted

patents)t
ln(Breakthrough

patents)t

OLS:
Within
�rms

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

ln(R&D contracts) t� 3 0.012 -0.040 -0.039 -0.052 -0.050 -0.003 -0.004
(0.002) (0.023) (0.022) (0.025) (0.024) (0.008) (0.008)

ln(R&D stock) t� 3 0.252 0.242 0.242 0.225 0.225 0.034 0.035
(0.015) (0.015) (0.015) (0.015) (0.015) (0.005) (0.005)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 104.04 102.24 104.04 102.24 104.04
Firms 3,631 3,584 3,587 3,584 3,587 3,584 3,587
Observations 43,883 41,093 41,130 41,093 41,130 41,093 41,130
Adjusted R-squared 0.847 0.045 0.046 0.017 0.019 0.007 0.007

Notes:This table presents the estimation results for the relationship between R&D contracts and patents. Columns 2-7 present the second stage of 2SLS, where
R&D contracts are instrumented using Industry R&D funding or Windfall-predicted R&D budget, as noted. In Columns 4 and 5, the patent �ow is weighted by
citations received from other patents, normalized by the International Patent Classi�cation (IPC) class-year. In Columns 6 and 7, breakthrough patents are in
the top 1% of forward citations in a �ve-year window relative to other patents from the same application cohort. Standard errors (in parentheses) are clustered
at the �rm level.
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from grants) on patenting in large �rms (which are less likely to be resource-constrained,

to depend on continued funding from the federal government, or to rely on markets for

technology to appropriate value from their inventions). Our results align with Knott et al.,

2024, who studied publicly traded U.S. �rms awarded R&D contracts during 2001-2021.

They similarly found no e�ect of R&D contracts on the rate of patenting or the mean

number of citations per patent.

Besides the government using guaranteed demand less in downstream R&D, several al-

ternative explanations exist for the limited e�ect on patents. First, government demand

may reduce the need for costly patenting to exclude rivals. Second, some R&D contracts

might prohibit patenting to protect sensitive technologies, though Howell et al., 2021 sug-

gest this is not a major concern for most contractors. Third, guaranteed demand might

lead R&D contractors to rely more on trade secrets to increase information rents in the

production-stage auction. Fourth, patent racing might boost patenting for both R&D con-

tractors and other �rms. In our model, producers must prepare to bid in the second-price

production auction, potentially developing capabilities to produce based on the winning

prototype. Such racing behavior suggests a patenting reaction from �rms not receiving

R&D contracts.

In summary, we �nd no evidence that R&D contracts increased downstream R&D (as

measured by corporate patents). Given our results on publications and renowned scientists,

this highlights the importance of distinguishing between upstream scienti�c research (�R�)

and downstream technology development (�D�) in corporate R&D.

2.7.5 Event Study Analysis

Figure 2.2 shows results from the Cold War event study. The point estimates capture

the di�erence between treated and control �rms relative to the base period (year -1, marked

with a vertical line). Coe�cient estimates for pre-treatment years (years -4, -3, -2, and -1)

show parallel pre-trends, suggesting �rms did not anticipate the procurement shock.

Panel A shows corporate R&D expenditures were una�ected by the Cold War shock.
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FIGURE 2.2: Event Study Around the End of the Cold War 10

This contrasts the results reported in Table 2.4. It is worth noting that the sample for

the event study was drawn from industries that experienced moderate sales growth in

the R&D shock year. It is possible that treated �rms shifted the composition of their

R&D investments toward scienti�c research and away from downstream development while

leaving their overall level of R&D expenditures unchanged.

The remaining panels show that any crowding-in e�ect of R&D contracts on corporate

innovation occurred in upstream R&D (Panels B and C, consistent with Tables 2.5 and

2.6) and not in downstream R&D (panel D, consistent with Table 2.7). These results are

robust to dropping controls for the level and percentage change in private demand (see

10 This �gure presents an event study around the end of the Cold War. All speci�cations use �rm �xed effects
and year �xed effects, as well as controls for the level and percentage change in private demand (i.e., �rm
sales net of all government procurement contracts). All speci�cations are estimated using �rms that have
data for the entire 9-year period to control for changes in the composition of industries over time. Standard
errors are clustered at the �rm level.
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Appendix Figure B.5). They are also robust to using a sample of 260 �rms in ten SIC3

industries that received a top 20% increase in R&D contracts and a bottom 20% change

in total demand (see Appendix Figure B.6). Although coe�cient estimates in this smaller

sample were less precise, we found a positive e�ect on upstream R&D (publications) and

no e�ect on downstream R&D (patents).

Our event study design is characterized by staggered treatment, as �rms in SIC3 in-

dustries are shocked at di�erent times in the 1991-1994 time frame. We address potential

contamination of our estimates by other period e�ects (Sun & Abraham, 2021) using the

staggered event study design of Callaway and Sant'Anna, 2021. We use never-treated �rms

as the comparison group and implement the doubly robust di�erence-in-di�erences estima-

tor from the csdid package. Appendix Figure B.7 shows that the results from aggregating

group time average treatment e�ects by R&D contracts exposure length were similar to

those in Figure 2.2.

2.7.6 Additional Evidence on Guaranteed Demand

Since the promise of future government demand is unobservedex ante (not speci�ed

in R&D contracts) and ex post (we cannot link R&D contracts to future noncompetitive

production contracts), we identify guaranteed demand indirectly. We provide additional

evidence consistent with this mechanism by examining how R&D contracts a�ect upstream

and downstream corporate R&D based on �rm size, industry-level guaranteed demand, and

private market incentives.

2.7.6.1 Firm Size

Our framework predicts that only �rms that have both R&D and production capabili-

ties will crowd in company-funded scienti�c research in response to a bundled government

procurement regime. Assuming large �rms are more likely to be vertically integrated, we

split our sample by �rm size.

Table 2.8 examines the e�ect of R&D contracts on corporate publications and patents

for small �rms (Columns 1, 2, 5, and 6) and large �rms (Columns 3, 4, 7, and 8).Small
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Table 2.8: Variation by Firm Size

(1) (2) (3) (4) (5) (6) (7) (8)
ln(Publications) t ln(Patents)t

Small
(IV:

Industry
R&D

funding)

Small
(IV:

Windfall-
predicted

R&D budget

Large
(IV:

Industry
R&D

funding)

Large
(IV:

Windfall-
predicted

R&D budget

Small
(IV:

Industry
R&D

funding)

Small
(IV:

Windfall-
predicted

R&D budget

Large
(IV:

Industry
R&D

funding)

Large
(IV:

Windfall-
predicted

R&D budget
ln(R&D contracts) t� 3 -0.003 -0.004 0.050 0.049 -0.061 -0.057 -0.021 -0.023

(0.026) (0.026) (0.023) (0.022) (0.042) (0.040) (0.026) (0.025)

ln(R&D stock) t� 3 0.021 0.021 0.192 0.192 0.095 0.095 0.341 0.341
(0.007) (0.007) (0.019) (0.019) (0.012) (0.012) (0.026) (0.026)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes Yes
Weak identif. (K-P) 37.79 37.68 72.45 73.07 37.79 37.68 72.45 73.07
Observations 19,297 19,308 21,240 21,265 19,297 19,308 21,240 21,265
Adjusted R-squared -0.001 -0.001 0.029 0.031 -0.030 -0.027 0.094 0.092

Notes:This table presents the estimation results for the relationship of R&D contracts with publications and patents by �rm size. Columns 1, 2, 5, and 6 use a
subsample of �rms with below-median annual sales (relative to all �rms in the same SIC4 industry over 1980-2015). Columns 3, 4, 7, and 8 use a subsample
of �rms with above-median annual sales (relative to all �rms in the same SIC4 industry over 1980-2015). Standard errors (in parentheses) are clustered at the
�rm level.
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�rms have below-median sales (relative to all �rms in the same SIC4 industry over 1980-

2015). Large �rms have above-median annual sales. Government R&D contracts increased

publications for large �rms but not for small �rms. R&D contracts did not a�ect patents,

regardless of size.

2.7.6.2 Industry Guaranteed Demand

Table 2.9 examines how the e�ect of R&D contracts varies with industry prevalence of

noncompetitive production contracts. High guaranteed demandindustries have top quar-

tile shares of noncompetitive production contracts in all production contracts (relative to

all industries in the same year). The remaining industries haveLow guaranteed demand.

Columns 1-4 present 2SLS results using theIndustry R&D funding instrument. R&D con-

tracts strongly a�ected publications in high guaranteed demand industries (Column 1, p-

value = 0.056). Similar results were obtained in unreported speci�cations when controlling

for quality by weighing publications by their citations. No e�ect on patents was observed

(Columns 3 and 4).

Columns 5-7 show that winning an R&D contract was positively associated with future

noncompetitive production contracts (p-values < 0.001), unlike winning a grant. This

result is important because guaranteed demand should di�er from a �nancing mechanism.

Column 7 shows R&D contracts were more than �nancial resources that reduced R&D

costs. They carried an implicit promise of future noncompetitive production contracts.

Additional robustness checks examined how the e�ect of R&D contracts varied with a

subagency's ability to guarantee demand (see Appendix Table B.34). The share of noncom-

petitive production contracts by the U.S. Air Force, Navy, and Army during 1980-2015 was

52%, 58%, and 50%, respectively. DARPA's was only 0.2%. Consistent with the guaran-

teed demand mechanism, R&D contracts from the U.S. Air Force, Navy, and Army strongly

a�ected publications, while those from DARPA did not.
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Table 2.9: Variation by Industry Guaranteed Demand

(1) (2) (3) (4) (5) (6) (7)

ln(Publications) t ln(Patents)t
ln(Noncompetitive

production contracts) t

High
guaranteed

demand
(IV: Ind.

R&D fund.)

Low
guaranteed

demand
(IV: Ind.

R&D fund.)

High
guaranteed

demand
(IV: Ind.

R&D fund.)

Low
guaranteed

demand
(IV: Ind.

R&D fund.)

Contract
indicator

(OLS:
Within
�rms)

Grant
indicator

(OLS:
Within
�rms)

Both
indicators

(OLS:
Within
�rms)

ln(R&D contracts) t� 3 0.102 0.037 0.118 -0.047
(0.051) (0.019) (0.072) (0.023)

[Has R&D contracts = 1] t� 1 0.570 0.561
(0.130) (0.129)

[Has grants = 1] t� 1 0.214 0.171
(0.163) (0.160)

ln(R&D stock) t� 3 0.098 0.118 0.248 0.233 0.119 0.119 0.119
(0.023) (0.011) (0.037) (0.015) (0.061) (0.062) (0.061)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 2001-2015 2001-2015 2001-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 16.94 89.88 16.94 89.88
Firms 1,219 3,362 1,219 3,362 2,518 2,518 2,518
Observations 6,542 33,977 6,542 33,977 22,970 22,970 22,970
Adjusted R-squared -0.135 0.018 -0.084 0.033 0.783 0.782 0.783

Notes: This table presents results from estimating how the effect of R&D contracts on publications and patents varies by industry guaranteed demand
(Columns 1-4). It also presents the relationship between winning R&D contracts and federal grants with future noncompetitive production contracts (Columns
5-7). The sample years in Columns 5-7 are truncated to 2001-2015 because federal grant data are not available at scale before 2001. Standard errors (in
parentheses) are clustered at the �rm level.
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2.7.6.3 Private Market Incentives to Invest in Upstream R&D

The R&D contractors in our sample sell in both public and private markets. Finding

an e�ect of R&D contracts on upstream R&D with low or no private market incentives

provides further evidence of guaranteed demand.11 We expect R&D contracts to increase

publications that (i) are not cited by the �rm's patents (missing downstream applications),

(ii) are cited by rivals' patents (spilling over to product-market competitors), and (iii) are

not protected by the �rm's patents (harder to appropriate). We construct measures of

internal use, rival use, and patent protection, detailed in Appendix 2.3.

R&D contracts increased publications not cited by the �rm's patents, cited by rivals'

patents, and with low patent protection, as reported in Appendix Table B.35. Conversely,

government R&D contracts did not increase upstream R&D with internal use, no rival

use, or easier appropriation. In summary, R&D contracts increased corporate science with

weaker private market incentives, consistent with guaranteed demand.

2.7.7 Changes Over Time

Policy reforms in the 1980s and 1990s, like the Federal Acquisition Streamlining Act of

1994 (see Appendix 1.2), changed the nature and composition of federal procurement. We

document these changes and their implications, focusing on the decoupling of R&D from

production contracts and the weakened guaranteed demand mechanism.

Figure 2.3 highlights three trends: (i) reduced importance of R&D races in procurement;

(ii) increased competitive procurement; and (iii) larger allocation of contracts to �rms not

involved in scienti�c research. Using data on all contracts (not just contracts awarded to

our panel of �rms), we �nd that the U.S. government has reduced reliance on developing

innovative technologies and increased reliance on those with existing private market appli-

cations. The share of R&D contract dollars in all contracts has fallen from 13% in 1980

to 8% in 2020 (Panel A), while the share of commercial contract dollars has increased to

11 Private market incentives depend on anticipated returns. Lacking ex-antemeasures, we useex-postmea-
sures, which should correlate with unobserved ex-anteincentives.

52



27% in 2020 (Panel B). Commercial contracts use streamlined acquisition procedures re-

sembling commercial market transactions. In unreported analyses, we �nd similar evidence

when focusing on contracts awarded to our panel of �rms.

Historically, the government awarded most production contracts noncompetitively to

�rms that demonstrated strong technical capabilities. Pressures to reduce costs and in-

crease e�ciency and transparency led to legislative mandates for competition whenever

practicable (Manuel, 2011). The share of noncompetitive production contract dollars (a

proxy for guaranteed demand) has decreased from 57% in 1980 to 34% in 2020 (Panel C).

In unreported analyses, we �nd similar evidence when focusing on contracts awarded to our

panel of �rms.

Winning large procurement contracts no longer requires strong scienti�c capabilities.

The share of contract dollars to nonproducers of science has increased from 6% in 1980

to 42% in 2015 (Panel D). Arora et al., 2018 document a decline in the stock market and

mergers and acquisitions value of scienti�c capabilities. Our evidence suggests that scienti�c

capabilities may also have fallen out of favor with the government.

Table 2.10 shows the same trends from within-�rm OLS regressions. Estimates indicate

total contract size increased by 34% per decade (Column 1, p-value < 0.05), driven by

production and commercial contracts (Columns 2-5). These changes remain robust to non-

linear time e�ects (see Appendix Table B.37). While �rm scienti�c capabilities�measured

by the stock of corporate publications�had a positive relationship with total contracts

(Column 6, p-value < 0.01), this relationship has weakened over time (Column 7, p-value

< 0.001).

Appendix Table B.36 provides additional evidence that R&D contracts are increasingly

awarded to specialized R&D contractors rather than large, vertically integrated �rms. In

our sample, �rms with top-quartile annual sales had higher odds of winning R&D contracts.

However, this advantage weakened over time, as shown by the negative coe�cient estimate

on the interaction term between Large and the Time trend.

In summary, the government has decoupled R&D from production contracts, poten-
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FIGURE 2.3: Changes in Contract Composition Over Time

tially eroding its ability to incentivize upstream corporate R&D through the mechanism of

guaranteed demand.

2.7.8 Implications for Implementation

Designers of R&D contests must balance incentives, competition, and the structure of

contests (Bhattacharya, 2021). Since R&D knowledge must be implemented in production,

the transfer of knowledge between R&D and production activities is crucial in government

procurement. A solution to implementation challenges is to couple R&D contracts with

production contracts.

Over time, we observe increased decoupling. Did implementation become more di�cult,

or did the the government maintain success due to better institutions (e.g., small �rms, the

market for technology) or because R&D contracts are now easier to implement? We explore

these questions by analyzing trends in subcontracting, the composition of R&D contracts,
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Table 2.10: Contract Composition and Scienti�c Capabilities Over Time

(1) (2) (3) (4) (5) (6) (7)
Contract value Contract composition Scienti�c capabilities

ln(All
contracts)t

(OLS:
Within
�rms)

ln(R&D
contracts)t

(OLS:
Within
�rms)

ln(Comm.
contracts)t

(OLS:
Within
�rms)

Share R&D/
All contracts t

(OLS:
Within
�rms)

Share comm./
All contracts t

(OLS:
Within
�rms)

ln(All
contracts)t

(OLS:
Within
�rms)

ln(All
contracts)t

(OLS:
Within
�rms)

Time trend 0.224 -0.122 2.239 -0.020 0.243 0.160 0.386
(0.092) (0.066) (0.098) (0.005) (0.014) (0.094) (0.111)

ln(Publications stock) t� 1 0.299 0.607
(0.085) (0.122)

Time trend � ln(Publications stock) t� 1 -0.126
(0.034)

ln(R&D stock) t� 1 0.421 0.131 0.315 -0.005 -0.006 0.326 0.308
(0.058) (0.037) (0.057) (0.005) (0.008) (0.061) (0.061)

Sample years 1980-2015 1980-2015 1995-2015 1980-2015 1995-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects No No No No No No No
Firms 4,366 4,368 3,728 2,127 1,737 4,366 4,366
Observations 52,762 52,842 38,427 22,612 15,951 52,762 52,762
Adjusted R-squared 0.741 0.659 0.689 0.263 0.157 0.741 0.742

Notes:This table presents OLS estimates for changes in contract value, contract composition, and the relationship between government contracts and �rm
scienti�c capabilities over time. Time trendis divided by 10. Columns 3 and 5 use data from �scal years 1995-2015 because the data element that allows us to
identify commercial contracts was only introduced following the Federal Acquisition Streamlining Act of 1994. Standard errors (in parentheses) are clustered
at the �rm level.
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and contractual deobligations.

Figure 2.4 shows that subcontracting is a major component of federal contracting (Panel

A). In 2021, 60% of contract dollars required a subcontracting plan. Those plans allocated

29% of prime R&D contract dollars and 28% of prime production contract dollars to sub-

contractors. Subcontracting negatively correlates with competition (Panel B). Aggregating

production contract dollars from 2012-2021 by NAICS industry shows that industries with

high rates of competitive procurement have low rates of subcontracting. Low subcontracting

rates may signal challenges in knowledge transfer between R&D specialists and producers,

suggesting that increased competitive procurement may have ampli�ed implementation in-

e�ciencies.

Moreover, the composition of R&D contracts has changed over time (Panel C). The

share of basic or applied research dollars in R&D contracts grew from 28% in 1980 to

51% in 2020. Since scienti�c research is further from implementation, this shift in R&D

contracts toward research andaway from development may have complicated implementing

new knowledge.

Additional evidence is found in contractual deobligations. When awarding a contract,

the government records an obligation, promising to spend the money now or later. A

deobligation is the cancellation or reduction of previously obligated funds. Deobligations

can be triggered by contract closeout, termination for default, cause, or convenience, and

legal contract cancellation, among other reasons. The share of deobligated contract dollars

rose from 3% in 2001 to 5% in 2020 (Panel D). In constant 2012 dollars, deobligations were

$8.9 billion in 2001 and $31.2 billion in 2020. If deobligations re�ect failed implementation,

project failure rates may have increased.

Table 2.11 shows within-�rm OLS estimates indicating that the value of deobligations

increased over time (Column 1, p-value < 0.001). More importantly, industries with high

decoupled demand (i.e., top quartile shares of competitive production contracts) experi-

enced larger increases in deobligations over time (Columns 2 and 3).

In summary, project implementation may have become harder over time, as indicated
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FIGURE 2.4: Implementation Challenges

by (i) low subcontracting rates associated with competitive contracts, (ii) increased R&D

funding for research further from implementation, and (iii) rising contractual deobligations.

Decoupling R&D from production may have improved transparency and fairness in federal

procurement�objectives of several policy reforms�but may also have hindered the imple-

mentation of upstream knowledge in production.

2.8 Conclusion

This study provides evidence suggesting that the anticipation of government production

contracts incentivizes corporations to co-invest with the government in upstream R&D. We

document a positive e�ect of R&D contracts on publications and employment of renowned

scientists (�R�) but not on patents (�D�) and show that the e�ect is strong for large corpo-

rations, when production contracts are likely to be awarded without competition, and when
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Table 2.11: Deobligations Over Time

(1) (2) (3)
ln(Deobligations) t

Control for
Obligations

(OLS:
Within �rms)

Add
interaction

with indicator
(OLS:

Within �rms)

Add
interaction
with share

(OLS:
Within �rms)

Time trend 0.881 0.848 0.520
(0.055) (0.055) (0.062)

Time trend � High decoupled demand t 0.257
(0.078)

Time trend � Share decoupled demandt 0.652
(0.077)

High decoupled demand t -0.569
(0.173)

Share decoupled demandt -1.067
(0.125)

ln(Obligations) t 0.184 0.184 0.183
(0.007) (0.007) (0.007)

ln(Sales)t� 1 0.238 0.239 0.232
(0.027) (0.027) (0.027)

Sample years 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes
Year �xed effects No No No
Firms 4,442 4,442 4,442
Observations 54,575 54,575 54,575
Adjusted R-squared 0.659 0.659 0.661

Notes:This table presents OLS estimates for changes in contractual deobligations over time. High decoupled
demandindustries have top-quartile shares of decoupled demand (i.e., competitive production contracts in
all production contracts) relative to all industries that year. Time trendis divided by 10. Standard errors (in
parentheses) are clustered at the �rm level.

private market incentives are relatively weak. The e�ect was stronger before the mid-1990s

when reforms like the Federal Acquisition Streamlining Act of 1994 changed procurement

and decoupled R&D from production contracts.

Future research could explore how government procurement a�ects small �rms through

two main channels. The �rst is direct support, where procurement policies like set-asides

and subcontracting requirements ensure that at least 23% of prime contracts go to small

businesses. These policies are intended to ensure that small �rms secure a signi�cant

58



share of government contracts, providing them with opportunities to grow, innovate, and

overcome some of the inherent disadvantages they face.

The second channel is indirect, where large �rms invest in or partner with small �rms to

access their innovative technologies, which can be pivotal in securing lucrative production

contracts. For example, in 2011, Lockheed Martin signed a multi-year agreement with

the Canadian startup D-Wave Systems to access its quantum annealing technology. Such

partnerships demonstrate how large �rms can depend on the cutting-edge innovations of

small �rms to enhance their competitiveness in government procurement.

Future research should also examine small �rms' strategic choices, such as whether they

partner with large �rms or participate independently in government procurement. Un-

derstanding these decisions could reveal how small �rms tackle government contracting

challenges and identify e�ective strategies. Additionally, further research is needed to un-

derstand how procurement reforms are altering the nature of small �rm participation in

public markets.
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3. The Private Value of Government R&D Contracts

3.1 Introduction

Innovation drives growth in advanced economies (e.g., Aghion & Howitt, 1992; Romer,

1990), but market failures like knowledge spillovers can lead to its underproduction (K. J.

Arrow, 1962; B. H. Hall et al., 2010), creating a role for government intervention.1 Govern-

ments use various policies to incentivize innovation, including intellectual property rights,

competition policy, and labor market policy, but research funding remains a primary tool

(Bryan & Williams, 2021).

Government innovation spending falls into �push� and �pull� policies. Push spending

funds inputs, for example, through R&D grants or tax subsidies, while pull spending funds

outputs�innovative products and services�to attract private R&D investments. The gov-

ernment sometimes combines push and pull policies, such as when it �guarantees demand�

by rewarding �rms that complete government-funded R&D contracts with noncompetitive

production contracts (Belenzon & Cioaca, 2024). This paper examines the combined use of

push and pull policies, developing a framework to explain when R&D contract winners can

realize additional pro�ts from future production contracts, even under e�cient government

procurement. We study the implications of bundling R&D and production contracts for

the private value of R&D contracts.

Both push and pull spending are sizable. In 2021, the federal government obligated

$179.5 billion to fund R&D and $593 billion to acquire products and other services (exclud-

ing R&D). Despite this, there is limited systematic evidence on how government procure-

ment of innovation a�ects corporate R&D. Importantly, R&D and production contracts are

not explicitly linked in federal procurement data. Some authors use anecdotal evidence to

argue that government demand can pull in private investments in innovation (e.g., Edquist

& Zabala-Iturriagagoitia, 2012; Levin, 1982). For example, D. C. Mowery, 2012 notes:

� In the case of Texas Instruments, the prospect of a substantial defense pro-

1 This chapter adapts material from joint work with Ashish Arora, Sharon Belenzon, and Elia Ferracuti
(Arora, Belenzon, Ferracuti, & Cioaca, 2025). All authors have contributed equally.
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curement contract proved to be a [more] powerful incentive to develop a new

approach to semiconductor design and fabrication (the integrated circuit) than

was defense R&D funding, most of which was directed to established military

suppliers. Instead, the prospect of substantial sales of semiconductor compo-

nents for strategic-missile guidance systems to the U.S. military operated as a

sort of `prize,' motivating Texas Instruments to develop the basic architecture

for the integrated circuit.� (p. 1713)

Other authors theorize on optimal procurement mechanisms (Bhattacharya, 2021; Che &

Gale, 2003; Che et al., 2021; Riordan & Sappington, 1989). Belenzon and Cioaca, 2024 infer

the existence of the guaranteed demand mechanism from evidence that government R&D

contracts increase corporate investment in upstream scienti�c research but not downstream

technology development. To our knowledge, no study quanti�es the private returns to

government R&D contracts or the economic factors driving them. Moreover, evidence is

lacking on how returns vary by procurement regime or �rm size. The key contribution

of this paper is estimating the private returns to government R&D contracts using stock

market reactions to contract awards and linking these forward-looking estimates to the

value of future noncompetitive production contracts.

We develop a framework to understand when R&D contractors can realize additional

pro�ts from future production contracts. We model two procurement regimes (competitive

bidding and guaranteed demand) and three stages (pre-R&D, R&D, and production). In

the pre-R&D stage, the government selects a procurement regime: competitive bidding

or guaranteed demand. In the R&D stage, R&D �rms compete by producing prototypes.

The �rm with the best prototype wins the R&D contract. By law, the government must

implement the R&D project in production. The production stage varies by the procurement

regime. Under competitive bidding, specialized producers bid to produce the prototype.

Under guaranteed demand, the R&D winner automatically receives the production contract

and may subcontract to a lower-cost producer. Our framework shows that guaranteed
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demand has no e�ect when R&D �rms lack production capability but bene�ts both the

government and �rms when R&D �rms are vertically integrated. We test these predictions

in our empirical analyses.

We rely on the idea that stock prices re�ect the market's expectations of a company's

future pro�tability, including the private value of anticipated government demand embodied

in R&D contracts. We assess shareholder value by analyzing stock price reactions to R&D

contract awards (MacKinlay, 1997). More speci�cally, we analyze the market's response

to R&D contract awards to measure the private value of these contracts and its distribu-

tion across �rms.2 If shareholders expect future compensation from lucrative government

production contracts, they will revise their expectations about the company's value upon

learning that the �rm has won an R&D contract, embedding these revisions into stock

prices.

This approach is conceptually straightforward but empirically challenging because stock

prices can move for many reasons, even over short periods. Thus, changes in a �rm's stock

price following a government R&D contract announcement cannot be solely attributed

to the award, as other contemporaneous events may also in�uence them. For example,

approximately half of the government R&D contract awards are associated with a negative

market reaction (see the market-adjusted returns,R f d, in Table 4.1). This statistic might

suggest that government R&D contracts destroy value, which is unlikely, as government

contracting is generally associated with higher�not lower�pro�tability (e.g., D. A. Cohen

& Li, 2020). To address this, we follow prior research (e.g., M. A. Chen et al., 2019; Kogan

et al., 2017) and impose distributional assumptions on the value implications of government

R&D contracts and other events, allowing us to isolate the expected change in �rm value

from winning R&D contracts. We then estimate how much private value is attributable

to guaranteed demand andwhich �rms bene�t. In robustness checks, we use alternative

distributional and modeling assumptions to ensure our chosen assumptions do not drive

2 Stock market responses have been widely used to measure the impact of events on �rm value, such as
patent grants (Kogan et al., 2017), mergers and acquisitions (Jarrell & Poulsen, 1989), earnings (Ball & Brown,
1968), equity offerings (Asquith & Mullins Jr, 1986), and macroeconomic news (McQueen & Roley, 1993).
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our �ndings.

We apply this methodology to a sample of 239 publicly traded U.S. �rms that received

publicly reportable R&D contracts from federal agencies between April 1, 1984, and Septem-

ber 30, 2015. The sample includes 14,382 �rm-award dates. On a typical award date, a

�rm receives two reportable R&D contracts and three reportable production contracts. On

average, the �rm's revenue from these contracts is $133 million (including $41 million in

R&D contracts and $91 million in production contracts). In comparison, its total potential

revenue (including options the government may exercise) is $164 million.

We document four key �ndings. First, the change in �rm value from winning govern-

ment R&D contracts is much larger than their nominal value, averaging 19 times the total

potential revenue from the R&D contracts themselves. We also �nd that private returns are

heavily concentrated in the tails of the distribution. At the 5th percentile, the private value

represents 12% of the total potential revenue, while at the 95th percentile, it skyrockets to

7,681%. This suggests that the market expects substantial private value from innovating

for the government, but only for a select few �rms. In our sample, only 18% of �rms receive

at least one top-quartile contract.

In robustness checks, we vary the assumptions used to estimate private values and �nd

similar results. We show that our results hold under alternative distributional assumptions

(Cauchy rather than Normal) for the private value of government R&D contracts. We also

�nd that our results remain consistent even when relaxing the no-anticipation assumption�

the idea that the market is completely uninformed about a �rm's likelihood of bidding

for (and winning) an R&D contract. Further, our results are not sensitive to using longer

windows over which traders incorporate information about contract awards into stock prices.

Finally, we control for the potential implicit promise in production contracts, often awarded

contemporaneously to R&D contracts, and �nd our results hold.

Second, larger �rms have higher private returns to government R&D contracts. At the

median of their respective distributions, the private value is 590% of total potential revenue

for larger �rms�those with above median annual sales (relative to annual sales between
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1980 and 2015 in the same SIC4 industry�compared to 79% for smaller �rms.

Third, we take advantage of two characteristics of our data. The federal procurement

data specify the extent of competition in contract awards. Competitive procedures include

sealed bids and competitive proposals, while noncompetitive procedures include sole-source

contracts and follow-on contracts to previously competed contracts. Moreover, the market

response to event announcements is forward-looking, allowing us to determine how much

of the private value of R&D contracts is explained by future noncompetitive production

contracts awarded to the �rm. We �nd that the private value of R&D contracts is strongly

predicted by future noncompetitive production contracts, a result that holds under alter-

native distributional assumptions.

Fourth, the positive relationship between private values of R&D contracts with future

noncompetitive production contracts only holds for large �rms. This aligns with our con-

ceptual framework, which suggests only R&D �rms with production capability bene�t from

guaranteed demand. Therefore, moving away from this regime (i.e., increasing competition

for production contracts) could weaken innovation incentives for these �rms�an impor-

tant insight given the distinct role large corporations play in the U.S. innovation ecosystem

(Arora et al., 2020).

With these results, we make three contributions. First, we contribute to the innovation

literature by showing that the private returns to R&D contracts are linked to noncompet-

itive production contracts. This suggests that R&D contracts attract private investments,

particularly for �rms with in-house production capabilities. Our �ndings clarify the rela-

tionship between R&D and production and when their separation may hinder innovation�a

key issue given recent shifts in government procurement. In 1980, 57% of contract dollars

went to noncompetitive production contracts; by 2020, this share had fallen to 34%, sig-

naling a move from a guaranteed-demand (bundled) regime to a competitive (unbundled)

regime. Decoupling R&D from production weakens the implicit promise of future demand

(Belenzon & Cioaca, 2024), reducing incentives for �rms to invest in R&D. We show this

e�ect is strongest for large �rms and provide a theoretical framework to explain why.
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Second, we o�er insights for policymakers and managers. By analyzing the distribution

of private returns to R&D contracts, we identify which �rms are likely to co-invest with

the government in addressing societal challenges. This is critical as federal agencies' share

of U.S. R&D funding declined from 67% in 1964 to 19% in 2021 (National Center for

Science and Engineering Statistics, 2022), while �rms' share rose from 31% to 74%. To

mobilize private investment e�ectively, policymakers must understandhow R&D contracts

create private value (through guaranteed demand) andfor which �rms (large, vertically

integrated �rms). For managers, our �ndings clarify when partnering with the government

on technological challenges is pro�table. More broadly, understanding which �rms derive

signi�cant private value from government innovation sheds light on the resources the private

sector is likely to mobilize in addressing societal challenges.

Third, to our knowledge, we are the �rst to use stock market returns to estimate the

private value of R&D contracts. Prior work inferred the guaranteed demand from anecdotal

evidence or by linking R&D contracts with corporate investment in upstream research

(Belenzon & Cioaca, 2024). We introduce a �exible methodology to quantify the private

monetary returns from innovating for the government.

This paper is structured as follows. Section 3.2 summarizes the institutional setting of

government procurement. Section 4.3 reviews the related literature. Section 3.4 presents

the conceptual framework, followed by data and methods in Section 3.5, results in Section

4.7, and a conclusion in Section 3.8.

3.2 Institutional Setting

To bridge the gap between private and social returns to R&D, the government employs

both push and pull innovation policies. Push policies support R&D inputs through grants,

while pull policies stimulate demand by procuring innovation-intensive products and ser-

vices. Government procurement can create or expand markets, increasing expected innova-

tion pro�ts (Cabral et al., 2006). In some cases, push and pull policies are combined��rms

that complete government-funded R&D contracts may receive noncompetitive production
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contracts as a reward. Prior research �nds that �rms respond to R&D contracts by increas-

ing private investment in upstream R&D (Belenzon & Cioaca, 2024).

How signi�cant is this reward? The U.S. government is the world's largest customer,

awarding contracts worth 9.6% of the country's GDP in 2019 (OECD, 2021). In 2021, it

obligated $179.5 billion to R&D and $593 billion to procure products and services (excluding

R&D services). Of the R&D funding, $78 billion went to national labs and federally funded

research and development centers, $50 billion to universities and non-pro�ts (mostly via

grants), and $52 billion to �rms (mostly via R&D contracts).

We examine how guaranteed demand in R&D contracts in�uences corporate innova-

tion. Most prior work focuses on R&D grants as funding mechanisms (e.g., Azoulay et al.,

2019; Howell, 2017). While R&D contracts also involve funding, their primary incentive

is di�erent. Unlike grants, which support R&D for public bene�t, R&D contracts procure

innovative products and services. Grants provide �nancial support without strict timelines

or deliverables, whereas R&D contracts require milestone-based progress and may involve

performance-based payments. More importantly, R&D contracts link R&D to manufac-

turing by carrying the implicit promise of future production contracts, directly connecting

returns to R&D with manufacturing.

Bundled procurement is permitted but not directly observable. Federal agencies must

use full and open competition (U.S. Government Accountability O�ce, 2014), yet the

Competition in Contracting Act of 1984 allows noncompetitive contracts under certain

exceptions, such asfollow-on contracts for continued development or production. This

allows agencies to bundle R&D races with production by awarding the R&D contracts

competitively while granting follow-on production contracts noncompetitively. Between

1980 and 2021, $1,273 billion in R&D contracts (56% of R&D contract dollars) were awarded

competitively, while $6,848 billion in production contracts (40% of production contract

dollars) were awarded noncompetitively. This suggests bundling was widespread. However,

because R&D contracts do not explicitly guarantee production contracts, measuring this

implicit promise remains challenging.
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Understanding which �rms respond to bundled procurement incentives is crucial for

three reasons. First, R&D contracts represent a substantial public investment in innova-

tion: $2,279 billion in R&D contracts were awarded between 1980 and 2021 (constant 2012

dollars). Second, government procurement spans diverse industries. While the Department

of Defense (DoD) historically dominated, its share of contract dollars fell from 87% in 1982

to 60% in 2021. Meanwhile, eight of the top ten product categories receiving federal con-

tracts in 2021 were non-defense.3 Third, recent policy changes have reduced the likelihood

of bundled procurement (Belenzon & Cioaca, 2024), with important implications for U.S.

innovation incentives.

3.3 Related Literature

A well-established literature examines demand-side drivers of innovation (e.g., Acemoglu

& Linn, 2004; Aghion et al., 2024; Kleinknecht & Verspagen, 1990; Scherer, 1982). How-

ever, systematic evidence on how government procurement a�ects corporate R&D remains

limited. Some studies argue that anticipated government demand stimulates private R&D

investment. For example, D. C. Mowery, 2012 suggests that Texas Instruments invested

in developing the integrated circuit due to expected DoD demand for missile guidance sys-

tems. Similarly, Edquist and Zabala-Iturriagagoitia, 2012 argue that Swedish government

procurement incentivized LM Ericsson to develop the AXE telephone switch, which later

captured 40% of the world market in 1992.4

Several studies focus on the Small Business Innovation Research (SBIR) program, which

blends push and pull incentives. Wallsten, 2000 �nds that SBIRgrants or contracts crowd

out company-funded R&D in publicly traded small �rms. In contrast, Howell, 2017 �nds

3 The top ten categories included PSC 6505 - Drugs and biologicals (which accounted for $48 billion or 7% of
all government procurement dollars), PSC R425 - Support - Professional: Engineering/Technical (4%), PSC
1510 - Aircraft, �xed wing (4%), PSC R499 - Support - Professional: Other (4%), Q201 - Medical - General
Healthcare (4%), PSC 1905 - Combat ships and landing vessels (3%), PSC M1JZ - Operation of Miscellaneous
Buildings (2%), PSC R408 - Support - Professional: Program Management/Support (2%), PSC D399 - IT and
Telecom - Other IT and Telecom (2%), and PSC M181 - Operation of Government R&D GOCO Facilities (1%).

4 Industry-level studies offer mixed �ndings. Crespi and Guarascio, 2019 �nd that government procure-
ment correlates with increased patenting across 24 countries (1995-2001). Conversely, Nemet, 2009 �nds no
evidence that demand-side policies spurred highly cited wind turbine patents in California in the 1980s.
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that SBIR grants from the Department of Energy increase patenting, suggesting grants ease

�nancing constraints. De Chiara and Iossa, 2019 theorize that grants crowding out private

R&D more than contracts, particularly for small projects. More recently, Howell et al.,

2021 �nd that open-topic SBIR contracts improve patent quality and quantity, whereas

conventional contracts show no signi�cant e�ect.

However, generalizing SBIR �ndings to broader procurement is problematic. First,

not all SBIR awards signal future demand. Of the 11 participating agencies, four award

only grants (Department of Energy, National Oceanic and Atmospheric Administration,

National Science Foundation, Department of Agriculture), �ve award only R&D contracts

(DoD, National Aeronautics and Space Administration, Department of Homeland Security,

Department of Transportation, Environmental Protection Agency), and two award both

(Health and Human Services, Education) (U.S. Small Business Administration, 2023). As

discussed in Section 3.2, only R&D contracts re�ect an agency's intent to procure resulting

innovations. Second, SBIR is limited to small �rms, which often lack the resources and

capabilities to meet future government demand, making guaranteed demand less relevant.

Other studies examine broader procurement. Rogerson, 1989 estimates that production

contracts for major aerospace projects add $47-$67 million in �rm value (10.2%-14.6%).

Lichtenberg, 1988 �nds that each $1 in competitive procurement raises company-funded

R&D by $0.54. Slavtchev and Wiederhold, 2016 show that shifting procurement from

low-tech to high-tech industries increases private R&D by $0.21 per dollar. Krieger and

Zipperer, 2022 �nd that winning green government contracts increases environmentally

friendly product innovation, but only for small and medium-sized �rms. However, these

studies do not link procurement to U.S. �rms at scaler or directly test the demand-pull

mechanism.

Belenzon and Cioaca, 2024 analyze how corporate R&D responds to the award of govern-

ment R&D contracts. The authors develop a framework showing that guaranteed demand

is most e�ective for projects that are di�cult to implement under unbundled procurement.

They �nd that government R&D contracts increase corporate investment in upstream R&D
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(scienti�c research) but not downstream R&D (technology patenting). This study extends

their work by using immediate stock market responses to quantify the private value of

bundling R&D contracts with production contracts. We show that a substantial share

of R&D contract value stems from noncompetitive production contracts, supporting the

idea that decoupling R&D from production reduces private returns, particularly for large,

vertically integrated �rms.

3.4 Conceptual Framework

We develop a simple conceptual framework to explain when the winner of an R&D

contract can derive additional pro�ts from future production contracts, even under e�cient

government procurement. The key insight is this: if the R&D winner can leverage its

production capability to capture rents in the production stage, it gains more value from

the R&D contract under a guaranteed demand regime than under competitive bidding.

This mechanism di�ers from another channel through which R&D contracts may gener-

ate future pro�ts: �rms winning R&D contracts may have an advantage in producing their

own prototypes (e.g., due to tacit knowledge). Both mechanisms suggest that �rms with

production capability can earn additional pro�ts if they secure the R&D contract. However,

the role of guaranteed demand distinguishes them. If tacit knowledge or other advantages

allow R&D winners to dominate production, they could secure government demand even

without an implicit guarantee. Moreover, government contracts could be structured to cap-

ture some of the R&D winner's production surplus. In contrast, when tacit knowledge is

absent, R&D winners can capture production rents via production capability only under a

guaranteed demand regime.

3.4.1 Setup

We model three sequential stages, with two possible structures for the �nal stage:

• Stage 1: Pre-R&D. The government maximizes expected product quality subject to

budget B.

• Stage 2: R&D. R&D �rms invest e�ort to produce proof-of-concept prototypes. The
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quality of the prototypes is revealed. The highest-quality prototype wins the R&D

contract and receivesPu.

• Stage 3a: Competitive Production. Producers bid to manufacture the winning proto-

type. Costs are private information, and the government holds a second-price auction,

awarding the contract to the lowest-cost �rm at the second-lowest bid,Cm.

• Stage 3b: Guaranteed Demand Production. The R&D winner is awarded the produc-

tion contract and receivesPb, with the option to subcontract to a lower-cost producer.

Stage 1: Pre-R&D. The government chooses between competitive bidding and guaran-

teed demand. Under competitive bidding, it setsPu = B� Cm. Under guaranteed demand,

it sets Pb such that Pu = B � Pb.5

Stage 2: R&D. Two R&D �rms ( i = 1, 2) produce prototypes.6 Prototype quality, qi ,

depends on �rm e�ort, ei , which is unobservable and non-contractible. Quality is observ-

able ex post but not contractible. 7 Under reasonable assumptions (see Appendix 3.1), the

probability that q1 ¡ q2 is
e1

e1 + e2
, where e�ort cost is gei with g ¡ 0. The highest-quality

prototype wins the R&D contract ( Pu), as the government setsPu accordingly.

Stage 3: Production. The government procures one unit of the product, either through

competitive bidding or guaranteed demand.

There are m specialized producers with manufacturing costCk (k = 1, 2, ...,m). Costs

are uncertain and revealed only after investingF, re�ecting the e�ort required to understand

the prototype, develop a production process, and bid. Producers are symmetric, andCk is

independent of prior R&D involvement (i.e., we abstract away from tacit knowledge).

The expected pro�t for a producer is
1
m

(Cm � Cm) � F =
1
m

Dm � F, where Cm and

5 In Appendix 3.1, we analyze the case where the government maximizes bene�ts minus costs, implying
that optimal Pu equals the government's marginal bene�t from quality.

6 Allowing more than two R&D �rms does not change the conclusions.

7 This modeling assumption is rooted in the fact that R&D contracts are only used when there is signi�cant
uncertainty about the methods and effort required to achieve success. Federal Acquisition Regulations specif-
ically note: “Unlike contracts for supplies and services, most R&D contracts are directed toward objectives
for which the work or methods cannot be precisely described in advance. It is dif�cult to judge the probabil-
ities of success or required effort for technical approaches, some of which offer little or no early assurance of
full success” (FAR § 35.002).

70



Cm are the expected second-lowest and lowest costs, respectively. Asm increases, expected

pro�t decreases because (i) each �rm's chance of winning falls, and (ii)Dm shrinks with m.8

3.4.2 Competitive Bidding

Under competitive bidding, the R&D and production contracts are independent. Firm

1's expected payo� is:

P 1 =
e1

e1 + e2
Pu � ge1 + 1(

1
m + 1

Dm+ 1 � F) (3.1)

where 1 = 1 if �rm 1 has production capability and 0 otherwise.

An R&D �rm with production capability may enter the production stage by investing

F, making production capability potentially valuable. We examine when winning the R&D

contract makes it even morevaluable.

For simplicity, we assume 1
m+ 1Dm+ 1 � F = 0, meaning the R&D �rm derives no direct

bene�t from competing in production. In Appendix 3.1, we characterize the optimal R&D

e�ort in a symmetric Nash equilibrium and show that the participation constraint is always

satis�ed.

3.4.3 Guaranteed Demand
3.4.3.1 R&D Firms Lack Production Capability

Under guaranteed demand, the government procures the product from the R&D winner

at price Pb, subject to Pb ¤ Cm. Without production capability, the R&D winner subcon-

tracts to the lowest-cost producer, payingCm. The R&D winner's expected payo� (before

R&D e�ort) is Pu + Pb � Cm.

If Pb = Cm (determined by the government's budget constraint), competitive bidding

and guaranteed demand yield identical outcomes�expected pro�t, R&D e�ort, and pro-

totype quality remain unchanged. Essentially, the R&D winner acts as an intermediary,

8 SupposeCk = C � X, where X follows a uniform distribution [� a, a]. Then:

Cm = C � a
m � 1
m + 1

; Cm = C � a
m � 3
m + 1

;
1
m

Dm =
2a

m(m + 1)
; Cm � Cm+ 1 =

4a
(m + 2)(m + 1)
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subcontracting production on behalf of the government.

Thus, when R&D �rms lack production capability, guaranteed demand does not gen-

erate additional value for the R&D winner, provided the government optimally sets the

production price.

3.4.3.2 R&D Firms Have Production Capability

Given the government's budget constraint, it setsPb = Cm. When the R&D winner

also competes in production, it pays onlyCm+ 1 to the lowest-cost producer, leveraging its

production capability to reduce costs.

Firm 1's expected payo� is:

P 1 =
�

e1

e1 + e2
(Pu + Pb � Cm+ 1) � ge1

�
+

�
1

m + 1
(Cm+ 1 � Cm+ 1) � F

�
(3.2)

The �rst term represents the expected payo� from winning the R&D contract, while the

second re�ects gains from production. SubstitutingPb = Cm and assuming 1
m+ 1Dm+ 1 � F =

0, Equation 3.2 simpli�es to:

P 1 =
e1

e1 + e2

�
Pu + ( Cm � Cm+ 1)

�
� ge1 (3.3)

Thus, R&D �rms with production capability earn Cm � Cm+ 1 more under guaranteed de-

mand than under competitive bidding. The government also bene�ts, as guaranteed demand

improves quality while adhering to the budget constraint. To incentivize higher quality, the

government allows the R&D winner to retain some production rents. Consequently, guar-

anteed demand can increase expected pro�ts for R&D �rms with production capability.

As shown in Columns 1-3 of Table 3.1, guaranteed demand does not a�ect outcomes

when R&D �rms lack production capability. However, when R&D �rms can produce, both

they and the government bene�t. Extensions relaxing some assumptions in this framework

are discussed in Appendix 3.1.
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Table 3.1: Procurement Regimes and Empirical Predictions
(1) (2) (3) (4) (5) (6)

Capability
Competitive

bidding
Guaranteed

demand Proxy
Private
value

Relationship with
future production

R&D �rms lack
production capability

Pb = C̄m
R&D winner
payoff = Pu

Pb = C̄m
R&D winner
payoff = Pu

Small/
specialized

�rms Smaller
No

relationship

R&D �rms have
production capability

Pb = C̄m
R&D winner
payoff = Pu

Pb = C̄m
R&D winner payoff
= Pu + ( C̄m � C̄m+ 1)

Large/
vertically

integrated �rms Larger
Positive

relationship

Notes: This table compares gross payoffs under competitive bidding (Column 2) and guaranteed demand
(Column 3) for �rms with and without production capability. It also presents testable empirical predictions
using �rm size as a proxy for production capability (Columns 5 and 6).

3.4.4 Empirical Predictions

Our framework yields several testable predictions. First, most R&D contracts should

not have high private value, as the government setsPu to maximize prototype quality. We

expect the distribution of private values of R&D contracts to be positively skewed.

Second, high private value R&D contracts should stem from guaranteed demand, where

the government commits to awarding production contracts noncompetitively to the R&D

winner. We expect the private value of R&D contracts to correlate positively with the value

of future noncompetitive production contracts.

Third, high private value R&D contracts should be concentrated in large, vertically in-

tegrated �rms with production capability. As shown in Table 3.1, large, vertically integrated

�rms should have higher private R&D contract values than small, specialized �rms(Column

5). Furthermore, the positive relationship between the private value of R&D contracts and

future noncompetitive production contracts should hold only for large, vertically integrated

�rms (Column 6).

3.5 Data and Methods
3.5.1 Data Sources

We combine data from multiple sources: (i) �rm �nancial and R&D information from

S&P's Compustat North America, CRSP U.S. Stock Databases, Web of Science, and PAT-

STAT; and (ii) government R&D and production contracts from the Federal Procurement
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Data System (FPDS).

3.5.1.1 Firm Financial and R&D Information

We analyze an unbalanced panel of 4,520 publicly traded, R&D performing U.S. �rms

from 1980 to 2015, based on data from Arora, Belenzon, and Sheer, 2021a and Belenzon

and Cioaca, 2024. These �rms account for most U.S. business R&D. In 2015, their R&D

expenditures totaled $296.9 billion, or 89% of the $333.2 billion in total business-funded

R&D (National Center for Science and Engineering Statistics, 2022). They also received

a signi�cant share of federal procurement�$17.8 billion in R&D contracts (45% of $39.2

billion total) and $157.6 billion in production contracts (39% of $400.5 billion total) (US-

Aspending.gov, 2023).

Firms are classi�ed by their primary four-digit SIC code and the �ve-industry de�ni-

tions from Fama and French, 1993. We further categorize �rms based on size, scienti�c

capabilities, and technological capabilities using the distribution of sales, scienti�c publi-

cations, and patents within each SIC4 code.9 Indicator variables� Large, High scienti�c

capabilities, and High technological capabilities�identify �rms in the top half of these dis-

tributions, allowing us to examine heterogeneity in the private value of government R&D

contracts.

3.5.1.2 Government R&D and Production Contracts

We obtained the full set of federal contract transactions from SAM.gov (1980-2000) and

USAspending.gov (2001-2015) and matched over 1.7 million contract recipients to our �rms

and their subsidiaries, following the approach in Belenzon and Cioaca, 2024.

Of the 54 million contract transactions worth $12.5 trillion, we matched 10 million trans-

actions totaling $4.7 trillion to 3,571 �rms. 10 These included $758 billion (16%) in R&D

contracts and $3.9 trillion (84%) in production contracts. Within R&D contracts, $155 bil-

lion (20%) was allocated to basic research, applied research, and experimental development,

9 These distributions are derived from the 60,885 �rm-year observations in Arora, Belenzon, and Sheer,
2021a.

10 All values are in constant 2012 dollars.
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while $603 billion (80%) supported advanced development and commercialization.

The top four non-R&D services were professional support ($323 billion, category R),

government building operations ($212 billion, category M), maintenance and repair ($205

billion, category J), and telecommunications ($200 billion, category D). The top four prod-

ucts were aerospace craft ($759 billion, group 15), ships ($276 billion, group 19), guided

missiles ($246 billion, group 14), and communication and detection equipment ($233 billion,

group 58).

To estimate the private value of government R&D contracts, we excluded �rms that

did not receive such contracts from 1980 to 2015 or whose contracts were too small to be

reportable on their award date. Since April 1, 1984, the Federal Acquisition Regulation

(FAR) has required federal contracting o�cers to:

�Make information available on awards over $3 million in su�cient time for

the agency concerned to announce it by 4:00 p.m. Washington, DC time on the

day of award. [...] Agencies shall not release information on awards before the

public release time of 4:00 p.m. Washington, DC time.�(FAR Section 5.303)

The release time changed to 5:00 p.m. (Washington, DC) on February 25, 1992. The

reporting threshold increased to $3.5 million on September 28, 2006, $4 million on October

1, 2010, and $4.5 million on October 1, 2020. We focused on R&D contracts above these

thresholds, as they were publicly announced after market close, whereas smaller contracts

were not.11 For each �rm, we obtained daily stock data from CRSP, including price, return,

market capitalization, shares outstanding, and trading volume. We also collected daily

returns, including all distributions, on a value-weighted market portfolio (CRSP: vwretd).

11 FAR Section 5.301 has required agencies to synopsize contract awards as small as $100,000 (effective April
1, 1984) or $25,000 (for contracts likely to result in subcontracts, effective April 1, 1985) in the Commerce
Business Daily (CBD). Transmission of synopses to the CBD typically occurred via �rst-class mail. After
printing, the CBD was delivered to paid subscribers nationwide via �rst-class or regular mail. In practice, this
meant that synopses for contracts below the $3+ million threshold reached the public several days aftertheir
award date. While the CBD became available online at CBDnet.gov in 1996 and contract award synopses
were eventually listed on the government-wide point of electronic entry (FedBizOpps.gov starting in 2001
and SAM.gov starting in 2012), only contract awards above the $3+ million threshold had to be publicly
announced after market close on the award date.
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Table 3.2: Independent and Control Variables
Variable name Variable description

A. Independent variables

Value of future production,
3/5/10 years

Value of production contracts awarded to the �rm during the
3/5/10 years following the focal award

Value of future noncompeti-
tive production, 3/5/10 years

Value of production contracts awarded to the �rm without compe-
tition during the 3/5/10 years following the focal award

Value of future competitive
production, 3/5/10 years

Value of production contracts awarded to the �rm with competition
during the 3/5/10 years following the focal award

Share noncompetitive in fu-
ture production, 3/5/10 years

Share obtained by dividing the value of production contracts
awarded to the �rm without competition during the 3/5/10 years
following the focal award by the total value of production contracts
awarded to the �rm during the 3/5/10 years following the focal
award

B. Control variables

Market value Market value of the �rm on the focal award date

Obligated value of focal con-
tract

Value the U.S. government promised to spend, either immediately
or in the future, on the focal award

Options value of focal con-
tract

Value of (any) options the U.S. government may choose to exercise,
in the future, on the focal award

Notes:This table summarizes the main independent and control variables used in the econometric analyses.

With these data, we constructed the measure of private value (as detailed in Section

3.5.2), as well as our independent and control variables (summarized in Table D.8).

3.5.2 Constructing the Measure of Private Value

We estimate the private value of the implicit promise to buy by leveraging stock price

reactions to R&D contract awards. Stock prices incorporate market expectations about a

�rm's future, allowing us to infer the value of an event�here, an R&D contract�based on

the announcement's stock price impact (see Fama et al., 1969). We de�ne the private value

of an R&D contract as:

x f d = M f d E [nf d|R f d] (3.4)

where x f d is the private value of contracts awarded to �rm f on day d. This requires two
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components:

1. M f d, the �rm's market value on the award date, which is observable (CRSP:prc �

shrout� 1, 000).

2. E [nf d|R f d], the expected change in �rm value due to the contract award (nf d), con-

ditional on the observed stock return (R f d), which is unobservable.

Following Kogan et al., 2017, we estimateE [nf d|R f d] in two steps. First, we identify the

market's response window using stock trading volume patterns (Section 3.5.2.1). Second,

we �lter out other concurrent value-relevant events to isolate the R&D contract award's

e�ect (Section 3.5.2.2). This yieldsE [nf d|R f d], allowing us to estimate the R&D contract's

private value.

3.5.2.1 When Does the Market Respond to the Announcement?

To estimate private value, we �rst determine when the market incorporates R&D con-

tract awards into stock prices. We analyze institutional announcement practices and trading

volume patterns around award dates.

We examine share turnover (daily volume/shares outstanding) from four days before

to four days after a reportable R&D contract award (i.e., above the FAR 5.303 threshold)

and compare it to non-announcement periods. We regress share turnover on indicators

for contract awards, controlling for �rm-year and calendar date �xed e�ects. Our sample

includes 240 �rms awarded at least one reportable R&D contract between April 1, 1984,

and September 30, 2015. Results are presented in Figure 3.1.

The stock market responds quickly to the announcement of an R&D contract award.

Share turnover rises signi�cantly the day after a �rm receives a reportable R&D contract.

The increase (0.02%) represents a 5% rise relative to the median daily turnover rate of

12 This �gure presents the share turnover around R&D contract award days. Share turnover h is the ratio
of daily volume (CRSP: vol, in units) to shares outstanding (CRSP: shrout, converted to units). The median
daily share turnover for R&D contractors is 0.39%. We report the coef�cient estimates bl , l = � 4,� 3, ..., 3, 4
and 95% con�dence intervals for the following speci�cation: h f d = a+

°
l bl I f d+ l + Z 1

f dc + ef d, where the
indicator variable I takes the value one if �rm f is awarded an R&D contract on date d and zero otherwise.
The vector of controls Z f d includes �rm x year and calendar date �xed effects. Standard errors are clustered
by year.
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FIGURE 3.1: Share Turnover Around R&D Contract Award Days 12

0.39%. This �nding is robust to adding controls for confounding announcements (see Ap-

pendix Table C.1). Moreover, in a counterfactual analysis (see Appendix Figure C.1), we

�nd no turnover increase for contracts awarded before the public reporting requirement

(April 1, 1984). This pattern suggests that R&D contract awards convey information

quickly absorbed by the market.

Accordingly, we use a one-day window (d + 1) to estimate private value. We also assess

robustness using an alternative three-day window,[d+ 1] to [d+ 3], as discussed in Section

3.7.1.

3.5.2.2 Isolating the Market Response to the Announcement

Next, we isolate the stock market response to the R&D contract award from other events

to calculate E [nf d|R f d], the expected change in �rm value due to the award, conditional

on the observed stock return. We use a market-adjusted return model (Campbell et al.,

1998) to separate �rms' returns into two components: (i) idiosyncratic returns, re�ecting

�rm-speci�c events, and (ii) aggregate returns, re�ecting events a�ecting all �rms. 13

Appendix Figure C.2 shows the frequency distribution of idiosyncratic returns (R f d),

which re�ect responses to both government R&D contract awards (nf d) and other �rm-

13 The market-adjusted return model calculates idiosyncratic returns by subtracting market portfolio returns
from each �rm's stock returns. More sophisticated methods exist but require estimating the �rm's stock
market beta, introducing measurement error.
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speci�c events (#f d), both unobservable. This distribution highlights the need to isolate the

market response to contract awards from other events. Without this adjustment, approx-

imately 50% of announcement days are associated with negative stock returns, suggesting

that government contracts frequently destroy value�a result inconsistent with empirical

evidence (e.g., D. A. Cohen & Li, 2020). To address this, we impose distributional assump-

tions about the value implications of R&D awards and other events.

We assume R&D contract awards and other events are independently distributed. The

private value of government R&D contracts follows a normal distribution truncated at

zero (nf d � N + (0, s2
nf d)), implying contracts are value-neutral in the worst-case, ensuring

non-negative private value estimates.14 This assumption is reasonable because most R&D

contracts are �cost plus,� placing the cost overrun risk on the awarding agency. We further

assume that stock market movements from other events follow a normal distribution (ef d �

N (0, s2
ef d)), meaning they neither create nor destroy �rm value on average. Finally, we

assume the market assigns a zero unconditional probability of �rmf winning R&D contracts

on award dated, as agencies publicize contract opportunities but typically do not disclose

bidding �rms. Suppose the market assigns �rm f a positive ex-ante probability of winning.

In that case, our calculations may underestimate the private value of government R&D

contracts.15

Under these assumptions, Kogan et al., 2017 show that the expected change in �rm value

due to a patent award�or a government R&D contract award in our case�conditional on

the observed stock return is:

E [nf d|R f d] = df d R f d +
b

df d sef t

f
�

�
a

df d
R f d

sef t

�

1 � F
�

�
a

df d
R f d

sef t

� (3.5)

where f and F are the standard normal pdf and cdf, respectively. This function is in-

creasing and convex in the idiosyncratic return, allowing us to estimate private value based

14 Kogan et al., 2017 uses the same assumption to estimate the private value of patent awards.

15 The reader may �nd these assumptions too stringent or unreasonable. We assess the robustness of our
�ndings to different distributional assumptions and report our �ndings in Section 3.7.1.
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on observable stock returns and two parameters:df d, the share of stock price variation

attributable to R&D contracts, and sef d, the standard deviation of returns from other

�rm-speci�c events.

We estimate d as = 1 � e� g , where g is recovered from the regression:16

ln(R f d)2 = g I f d + Z 1
f dc + u f d (3.6)

where R f d is the idiosyncratic return for �rm f on the trading day after the award, I f d is 1

if �rm f won a reportable R&D contract on day d, and Z is a vector of controls including:

Pf d, indicating if �rm f received a reportable production contract on dayd; A f d, indicating

other material announcements on dayd; and �rm-year and calendar day �xed e�ects. u f d

is an iid error term.17 In this speci�cation, g describes how volatility in stock returns

changes on R&D contract announcement dates. Our estimate producesg = 0.060, yielding

d̂ = 1 � e� ĝ � 0.058.

To estimate sef d, we �rst calculate �rm f 's conditional return variance in year t as

realized mean idiosyncratic squared returns (s2
f t). Then, we use the fraction of trading

days with R&D contract announcements to isolate variance from other events.18

3.5.3 Econometric Framework

Our analyses are conducted at the �rm-award date level. To examine theguaranteed

demandmechanism�the idea that R&D contracts carry an implicit promise by the govern-

ment to procure the resulting products and services from the successful R&D contractor in

the future�we estimate the relationship between the private value of R&D contracts and

16 We assumed is constant across �rms over time, as estimating this for each �rm-event pair would require
too many parameters.

17 Material announcements are identi�ed using S&P Capital IQ's Key Developments, which tracks 165 event
types. We focus on 14 types likely to affect stock prices: bankruptcies, dividends, earnings, executive changes,
�xed income, �nancing, guidance, index, lawsuits, mergers and acquisitions, private placements, ratings, and
stock splits.

18 The formula is s2
ef d = 3s2

uf d

�
1 + 3d f d

�
eĝ � 1

� � � 1
, where d f d is the fraction of trading days with R&D

contract announcements (Kogan et al., 2017).
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subsequent production contracts using the regression:

ln (Private value) f d = a0 + a1 ln (Value o f f uture procurement) f d + Z 1
f d! + � + ef d

(3.7)

where Private valuef d is the estimated private value of R&D contracts awarded to �rm f

on award date d, inferred from stock market reactions. This value re�ects expectations of

future procurement. Value o f f uture procurementf d is the total value of future production

contracts awarded to �rm f over the subsequent 3, 5, or 10 years. The vectorZ controls

for �rm market value, obligated contract value, contract option value at award date d. The

vector � represents year �xed e�ects, ande is an iid error term. All monetary values are

adjusted to constant 2012 dollars (in millions) using the GDP Implicit Price De�ator (O�ce

of Management and Budget, 2023). For variables measured in millions of dollars, we add

$1 before taking natural logarithms. Standard errors are clustered at the year level.

Our primary coe�cient of interest, a1, captures the relationship between R&D contract

value and future procurement. If R&D contracts serve as a signal of future government

demand, we expectâ1 ¡ 0. When disaggregating future production contracts into com-

petitive and noncompetitive awards, we anticipate the positive relationship to be driven

by noncompetitive procurement. We further test whether this e�ect holds for large and

vertically integrated �rms but not small and specialized �rms, as predicted by our frame-

work. Finally, we examine how this relationship varies by industry, scienti�c capabilities,

and technological capabilities.

3.6 Estimation Results
3.6.1 The Private Value of R&D Contracts

We apply the parameters estimated in Sections 3.5.2.1 and 3.5.2.2 to Equation 3.4 to

calculate the private value of R&D contracts. Table 3.3 reports descriptive statistics for

this variable and other key regressors.

Between April 1, 1984, and September 30, 2015, �rms in our sample received reportable

R&D contracts on 14,385 distinct trading days. Due to missing stock return data, we
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exclude three observations, yielding a �nal sample of 14,382 �rm-award dates.

On average, the private value of an R&D contract is $466 million, with values ranging

from $7 million (5th percentile) to $1,389 million (95th percentile). To better understand

these estimates, we compare them to two benchmarks: the contract value obligated on the

award date (on average, $133 million) and the total potential revenue from the contract,

including base and option values (on average, $164 million).

Panel C of Table 3.3 shows that private returns to government R&D contracts are

substantial, averaging 19 times the total potential revenue from the contracts themselves.

The distribution of normalized private values is concentrated in the tails, as illustrated

in Panel B of Figure D.1. At the 5th percentile, private value is 12% of total potential

revenue, while at the 95th percentile, it is 7,681%. Only 18% of �rms receive at least one

top-quartile contract, suggesting that the stock market anticipates substantial private value

from government R&D engagement for a select subset of �rms.

To further investigate the relative value of R&D contracts, we compare their estimated

private values to those of production contracts awarded to R&D contractors. Figure 3.3

presents the frequency distributions. Across all R&D contractors, the private value of R&D

contracts exceeds that of production contracts, suggesting that R&D contracts are more

valuable and economically meaningful to these �rms.

We further divide the sample into two periods: 1984-2004 (6,938 �rm-award dates) and

2005-2015 (7,444 �rm-award dates). As shown in Table 3.4, the average normalized private

value of R&D contracts remains stable across these periods (19 times total revenue vs. 18

times total revenue). However, for extreme private values (starting at the 90th percentile),

private value is higher in 1984-2004 than in 2005-2015, suggesting that theguaranteed

demand mechanism has weakened in recent years, as proposed by Belenzon and Cioaca,

2024.
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Table 3.3: Descriptive Statistics for Main Variables

(1) (2) (3) (4) (5) (6) (8) (9)
Distribution

Obs. Mean Std. dev. 5th 10th 50th 90th 95th
A. Contract private value
Rf d(%) 14,382 0.02 1.87 -2.46 -1.67 -0.01 1.77 2.57
E[nf d|R f d](%) 14,382 1.70 1.02 0.56 0.65 1.42 3.31 3.91
Private value (2012 $ million) 14,382 465.55 502.48 7.05 16.97 318.45 1,109.32 1,389.03

B. Other contract characteristics
Obligated value (2012 $ million) 14,382 132.62 342.59 4.73 6.05 39.14 306.13 554.77
Base and all options value (2012 $ million) 14,382 164.19 548.16 4.81 6.27 43.23 351.72 652.00
Value of future prod. (3 years, 2012 $ million) 14,382 37,522.31 33,663.29 148.31 653.36 29,741.37 89,062.77 102,695.50
Value of future prod. (5 years, 2012 $ million) 14,382 61,147.59 55,909.08 235.37 971.60 47,193.51 146,945.84 172,132.01
Value of future prod. (10 years, 2012 $ million) 14,382 109,037.66 107,209.96 371.23 1,466.35 80,713.16 287,518.57 327,933.08
# reportable R&D transactions 14,382 1.66 1.36 1.00 1.00 1.00 3.00 4.00
# reportable prod. transactions 14,382 2.66 3.91 0.00 0.00 1.00 7.00 10.00

C. Comparisons
Private value / Obligated value (%) 14,382 1,947.50 4,705.52 13.97 32.52 600.49 4,600.31 7,954.91
Private value / Base and all options value (%) 14,382 1,859.35 4,654.04 12.44 28.96 530.67 4,419.16 7,680.96

Notes:This table presents descriptive statistics for the main variables used in the econometric analyses. The sample includes 14,382 �rm-days when at least
one reportable R&D contract was awarded to a sample �rm. Panel A reports the distribution of the market-adjusted returns R f d on the trading day following
the contract award date; the �ltered components of returns E[nf d|R f d]; and, the estimated private values of R&D contracts, de�ated to 2012 (million) dollars
using the GDP chained price index (Of�ce of Management and Budget, 2023). Panel B reports the distribution of other contract characteristics. Panel C reports
the distribution of the estimated private values of R&D contracts normalized by the obligated values (and base and all options values, respectively) of R&D
contracts.
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Table 3.4: Descriptive Statistics by Period and Firm Size
(1) (2) (3) (4) (5) (6) (8) (9)

Distribution

Obs. Mean Std. dev. 5th 10th 50th 90th 95th
A. Years 1984-2004
Private value (2012 $ million) 6,938 392.02 529.92 4.97 11.18 209.92 974.60 1,415.65
Private value / Base and all options value (%) 6,938 1,884.83 5,161.65 7.57 14.06 372.98 4,450.53 8,142.62

B. Years 2005-2015
Private value (2012 $ million) 7,444 534.09 465.17 11.41 27.68 437.11 1,155.17 1,374.35
Private value / Base and all options value (%) 7,444 1,835.60 4,125.29 43.19 84.38 655.70 4,393.89 7,270.21

C. Large �rms
Private value (2012 $ million) 13,538 491 506 12 25 370 1,135 1,420
Private value / Base and all options value (%) 13,538 1,949 4,772 15 35 590 4,602 7,961

D. Small �rms
Private value (2012 $ million) 844 50 93 1 1 13 181 242
Private value / Base and all options value (%) 844 422 1,302 5 7 78 888 2,279

Notes:This table presents descriptive statistics for R&D contracts by period (Panels A and B) and �rm size
(Panels C and D). Large �rms have above-median annual sales (compared to other publicly traded �rms
operating in the same SIC4 industry).

3.6.2 Private Value of R&D Contracts and Firm Size

Our framework suggests that �rm size is a key factor in determining the private value

of R&D contracts. The critical mechanism is the credible threat of entry into production

for the innovative product in the future. Larger �rms have the resources to enter additional

markets. Our descriptive evidence supports this prediction. As shown in Panels C and

D of Table 3.4, the private value of R&D contracts is higher for larger �rms (590%) than

for smaller �rms (78%). Large �rms are de�ned as those with above-median annual sales

relative to other �rms in the same SIC4 industry.

When comparing the estimated private values of R&D contracts with those of produc-

tion contracts, we �nd that only large �rms drive the signi�cant di�erence between these

values documented in the prior subsection (Panel A vs. Panel B, Figure 3.4).

3.6.3 Private Value of R&D Contracts and Other Firm Characteristics

We examine additional heterogeneity in the estimated private value of R&D contracts

in Table 3.5. While we do not have clear theoretical predictions for these di�erences, they

o�er additional insight into the private value of R&D contracts.
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FIGURE 3.2: Frequency Distribution of Private Values

First, we observe variation by industry (Panels A-E). At the median, the private value

is 565% of total potential revenue in manufacturing, 521% in high-tech, 291% in consumer,

and 76% in healthcare industries.

Second, �rm scienti�c and technological capabilities are associated with di�erences in

private value (Panels F-I). The private value is higher for �rms with high scienti�c capa-

bilities (612%) than for those with low scienti�c capabilities (113%). High (low) scienti�c

capabilities are de�ned as having an annual �ow of scienti�c publications above (below)
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FIGURE 3.3: Private Values of R&D Contracts Versus Production Contracts

the industry median. Similarly, the private value is higher for �rms with high technological

capabilities (598%) than for those with low technological capabilities (180%), with high

(low) technological capabilities de�ned as an annual patent �ow above (below) the industry

median.

3.6.4 The Relationship Between Private Value of R&D Contracts and
Future Production Contracts

Table 4.4 presents a cross-tabulation of the private value of R&D contracts (normalized

by total potential revenue) and the value of future production contracts awarded to the

recipient �rm within �ve years of the focal R&D contract. This analysis examines whether

the forward-looking private value of R&D contracts is associated with future production

contract value, consistent with the guaranteed demand mechanism.19

Panel A shows that above-medianPrivate values of R&D contracts are associated with

above-medianValues of future production, 5 years. This relationship is stronger for noncom-

petitive future production contracts (87%; Panel B) than for competitive future production

19 Following Kogan et al., 2017, which assumes R&D and production contract values come from the same
distribution, we used all 53,092 �rm-award dates to determine medians and summarized the 14,382 �rm-
award dates with at least one reportable R&D contract.
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FIGURE 3.4: Private Values of R&D Contracts Versus Production Contracts and Firm Size

contracts (80%; Panel C).

Table 3.7 presents OLS estimates of the relationship between the private value of R&D

contracts and future production contract value. Columns 1-3 progressively add controls

for market value on the award date, the obligated value, and the options value of the

focal contract. The results indicate that private value is positively correlated with future

production contract value (p < 0.001). At sample means, the coe�cient in Column 3

suggests that a one standard deviation increase inValue of future production, 5 years is

associated with a 5% increase in private value.20

20 Average Private valueis $465.55 million, while average Value of future production, 5 yearsis $61,147.59 million.
A one standard deviation increase in Value of future production, 5 yearsis associated with a $55,909.08 * 0.054
($465.55 + $0.000001)/($61,147.59 + $0.000001) = $22.99 million increase inPrivate value.
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Table 3.5: Descriptive Statistics by Other Firm Characteristics
(1) (2) (3) (4) (5) (6) (8) (9)

Distribution

Obs. Mean Std. dev. 5th 10th 50th 90th 95th
A. Consumer �rms
Private value (2012 $ million) 440 90 77 4 16 71 186 248
Private value / Base and all options value (%) 440 781 1,107 20 32 291 2,289 2,928

B. Manufacturing �rms
Private value (2012 $ million) 7,999 585 500 9 21 512 1,289 1,517
Private value / Base and all options value (%) 7,999 1,886 3,928 12 26 565 4,848 8,167

C. HiTech �rms
Private value (2012 $ million) 5,223 271 235 8 17 253 538 715
Private value / Base and all options value (%) 5,223 1,382 2,909 17 38 521 3,456 5,578

D. Health �rms
Private value (2012 $ million) 125 100 231 1 2 6 378 786
Private value / Base and all options value (%) 125 735 1,705 4 7 76 2,941 4,711

E. Other �rms
Private value (2012 $ million) 595 924 1,174 1 2 474 2,625 3,245
Private value / Base and all options value (%) 595 6,728 14,623 6 15 583 20,039 31,945

F. Firms with high scienti�c capabilities
Private value (2012 $ million) 12,963 510 509 13 29 395 1,158 1,437
Private value / Base and all options value (%) 12,963 2,007 4,863 16 36 612 4,769 8,213

G. Firms with low scienti�c capabilities
Private value (2012 $ million) 1,419 58 93 1 2 22 164 273
Private value / Base and all options value (%) 1,419 507 1,207 5 9 113 1,346 2,474

H. Firms with high technological capabilities
Private value (2012 $ million) 12,697 498 498 13 28 378 1,149 1,417
Private value / Base and all options value (%) 12,697 1,931 4,567 17 36 598 4,631 7,961

I. Firms with low technological capabilities
Private value (2012 $ million) 1,685 223 473 1 3 33 512 773
Private value / Base and all options value (%) 1,685 1,322 5,236 5 9 180 2,501 4,898

Notes: This table presents descriptive statistics for R&D contracts by industry (Panels A-E), �rm scienti�c
capabilities (Panels F and G), and �rm technological capabilities (Panels H and I).

Next, we assess whether this association is driven by noncompetitive production con-

tracts, as expected under theguaranteed demandmechanism. Column 4 separates future

production into noncompetitive and competitive contracts, showing that private value is

positively correlated with noncompetitive production contracts but not with competitive

ones. At sample means, the coe�cient on noncompetitive procurement suggests that a

one standard deviation increase inValue of future noncompetitive procurement, 5 yearsis
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Table 3.6: Cross Tabulation of Private Value and Future Production

(1) (2) (3)
Value of future production, 5 years

Below median Above median Total

Private value / Base and all options value Count % Count % Count %

A. All future production contracts
Below median 3,056 42% 4,283 58% 7,339 100%
Above median 1,100 16% 5,943 84% 7,043 100%

Total 4,156 29% 10,226 71% 14,382 100%

B. Only competitive future production contracts
Below median 3,168 43% 4,171 57% 7,339 100%
Above median 1,440 20% 5,603 80% 7,043 100%

Total 4,608 32% 9,774 68% 14,382 100%

C. Only noncompetitive future production contracts
Below median 2,871 39% 4,468 61% 7,339 100%
Above median 938 13% 6,105 87% 7,043 100%

Total 3,809 26% 10,573 74% 14,382 100%

Notes:This table provides a cross-tabulation between the private value of R&D contracts (normalized by their
total potential revenue) and the value of future production contracts awarded to the recipient �rm during the
�ve years following the focal R&D contract. The unit of analysis is a �rm-award date.

associated with a 6% increase in private value.21

Results are similar when replacing noncompetitive contract levels with their share of

total future production contracts (Column 5, p < 0.001). Additional robustness checks (not

reported) con�rm these �ndings using three-year and ten-year time horizons.

Firms often develop innovative products and services for both government and private

markets. One alternative explanation for our correlational results is that the private value

of R&D contracts re�ects �rms' ability to leverage government R&D in private markets.

This would indicate a funding e�ect (akin to grants) rather than a guaranteed demand

e�ect. However, Appendix Table C.3 shows that the private value is positively related to

future government demand but negatively related to future private demand.

21 Average Private valueis $465.55 million, while average Value of future noncompetitive procurement, 5 yearsis
$39,194.01 million. A one standard deviation increase in Value of future noncompetitive procurement, 5 yearsis
associated with a $36,703.12 * 0.066 ($465.55 + $0.000001)/($39,194.01 + $0.000001) = $28.77 million increase
in Private value.

89



Table 3.7: Private Value and Future Production
(1) (2) (3) (4) (5)

Dependent variable: ln($1+Private value)

Baseline

Control for
obligated

value

Control for
options
value

Split
future

production
by regime

Use
share

noncompeted

ln($1+Value of future production, 5 years) 0.064 0.054 0.054 0.122
(0.011) (0.010) (0.010) (0.010)

ln($1+Value of future noncompetitive prod., 5 years) 0.066
(0.009)

ln($1+Value of future competitive prod., 5 years) -0.014
(0.010)

Share noncompetitive in future prod. (5 years) 0.446
(0.046)

ln($1+Options value of focal contract) 0.004 0.004 0.005
(0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.066 0.063 0.060 0.030
(0.007) (0.007) (0.007) (0.007)

ln($1+Market value) 0.950 0.935 0.936 0.923 0.870
(0.014) (0.012) (0.012) (0.011) (0.008)

Firm FE No No No No No
Year FE Yes Yes Yes Yes Yes
Mean DV 465.55 465.55 465.55 465.55 468.02
Firms 239 239 239 239 217
Observations 14,382 14,382 14,382 14,382 14,300
Adjusted R-squared 0.945 0.948 0.948 0.949 0.956

Notes:This table presents OLS estimates of the relationship between private value and the future production
contracts awarded to the �rm during the �ve-year period following the focal award. Standard errors (in
parentheses) are clustered by year.

Overall, our �ndings suggest that R&D contracts carry an implicit promise by the

government to procure the products and services resulting from the R&D e�ort from the

winning R&D contractor without competition.

3.6.5 Variation by Firm Size

As discussed in our conceptual framework, larger �rms may be better positioned to

bene�t from guaranteed demand due to their production capability. Therefore, we expect

a strong relationship between the private value of R&D contracts and future production

contracts for larger �rms, with no such relationship for smaller �rms. Empirically, we

interact the indicator variable Large with our measures of future production, and report

the OLS results in Table 3.8.

We �nd that the relationship between private value and future production is concen-
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Table 3.8: Variation by Firm Size
(1) (2) (3) (4) (5) (6)

Dependent variable: ln($1+Private value)

Future =
3 years

Future =
5 years

Future =
10 years

Future =
3 years

Future =
5 years

Future =
10 years

ln($1+Value of future production) -0.026 -0.030 -0.029
(0.005) (0.005) (0.005)

� Large 0.105 0.108 0.103
(0.011) (0.012) (0.011)

ln($1+Value of future noncompetitive prod.) 0.005 0.005 0.006
(0.009) (0.009) (0.011)

� Large 0.090 0.089 0.088
(0.016) (0.015) (0.016)

ln($1+Value of future competitive prod.) -0.027 -0.030 -0.031
(0.010) (0.009) (0.012)

� Large 0.012 0.014 0.011
(0.012) (0.012) (0.014)

Large -0.614 -0.686 -0.721 -0.494 -0.550 -0.585
(0.092) (0.099) (0.099) (0.080) (0.086) (0.087)

ln($1+Options value of focal contract) 0.004 0.004 0.004 0.004 0.004 0.004
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.056 0.056 0.057 0.050 0.051 0.051
(0.008) (0.008) (0.008) (0.008) (0.008) (0.007)

ln($1+Market value) 0.931 0.932 0.934 0.915 0.916 0.919
(0.013) (0.013) (0.012) (0.011) (0.011) (0.010)

Firm FE No No No No No No
Year FE Yes Yes Yes Yes Yes Yes
Mean DV 465.55 465.55 465.55 465.55 465.55 465.55
Firms 239 239 239 239 239 239
Observations 14,382 14,382 14,382 14,382 14,382 14,382
Adjusted R-squared 0.952 0.952 0.952 0.954 0.954 0.954

Notes: This table presents OLS estimates of the relationship between private value and future production
by �rm size. Largeis an indicator variable equal to 1 if the recipient �rm has above-median annual sales
(compared to annual sales between 1980 and 2015 of other �rms operating in the same SIC4 industry) and 0
otherwise. Standard errors (in parentheses) are clustered by year.

trated among large �rms, with small �rms showing no such bene�ts. This result is driven

by noncompetitive production contracts and does not apply to competitive production con-

tracts. Similar results hold when we de�ne Large by comparing a �rm's sales to those of

�rms in the same SIC3 industry and year.
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3.7 Robustness
3.7.1 Alternative Assumptions

Our estimates of the private value of the government's implicit promise to buy�and the

resulting economic inferences�rely on several assumptions. Here, we assess the sensitivity

of our �ndings to changes in these assumptions. In summary, our inference is robust to

assumptions about the distributional characteristics of the �rm's stock return components,

the extent to which the market anticipates R&D contracts, how quickly the market incor-

porates new information in stock prices, or whether production contracts also imply an

implicit promise.

3.7.1.1 Alternative Distributional Assumptions

As discussed in Section 3.5.2.2, isolating the market response to R&D contract awards

from other (largely unobservable) events requires distributional assumptions about the value

implications of government R&D awards and other events. In our main estimations, we

assume the private value of government R&D contracts follows a normal distribution trun-

cated at zero, while the value implication of other events is normally distributed, with the

two being independent.

We test the robustness of our �ndings by assuming the R&D contract award-related

component of �rms' stock returns follows the positive part of a Cauchy distribution centered

at zero, while the component related to other events follows a Cauchy distribution centered

at zero. The Cauchy distribution, with heavy tails, may better describe the private value

of government R&D contracts (with a thick left tail and a few contracts being extremely

valuable) but requires stronger assumptions to estimate the model parameters, as in Kogan

et al., 2017.

We �rst assess whether the frequency distribution of private values changes meaningfully

under the Cauchy assumptions. As shown in Figure 3.5, the Cauchy distribution results in

a heavier-tailed frequency distribution (Panel A). The average private value increases from

19 times total potential revenue to 83 times, while the median value rises from 5 times
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to 25 times (see Panel A of Appendix Table C.2). These statistics suggest that our main

estimates or private values are conservative and may represent a lower bound of the true

private value of government R&D contracts.

Next, we re-estimate our main regression to assess whether our inference about the guar-

anteed demand in government R&D contracts holds. The results in Table 3.9 are reassuring:

the private value of R&D contracts remains strongly correlated with future noncompetitive

production contracts (p < 0.001). The magnitude is similar to our main estimation. At

the sample means, the coe�cient on noncompetitive production in Column 1 indicates that

a one standard deviation increase inValue of future noncompetitive production, 5 yearsis

associated with a 6% increase in private value, consistent with the main estimation.22

3.7.1.2 Non-Zero Probability of Winning

In our main estimations, we assume the market is uninformed about a �rm's likelihood of

bidding for (and winning) an R&D contract (no-anticipation assumption). This assumption

biases our estimates of private value downward. If the stock market anticipates a �rm

is likely to bid and win, some of the contract's private value is re�ected in stock prices

before the award announcement. While we deem our assumption conservative, we relax it

in this section to allow for the possibility that investors assess how many �rms have the

technical capabilities to bid on each contract. This is plausible because, in major acquisition

programs, R&D often occurs in stages. Firms successful in earlier stages can bid on later

ones, allowing investors to update their probability assessments.

To incorporate this possibility, we model the ex-ante probability of winning, p , as de-

creasing with the number of bidders (more bidders mean higher competition) and increasing

with the number of R&D contracts a �rm won in the previous year (more past contract

awards indicate a higher probability of success). We calculate:

22 Average Private valueis $2,058.91 million, while average Value of future noncompetitive procurement, 5 years
is $39,194.01 million. A one standard deviation increase in Value of future noncompetitive procurement, 5 yearsis
associated with a $36,703.12 * 0.061 ($2,058.91 + $0.000001)/($39,194.01 + $0.000001) = $117.61 million increase
in Private value.
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FIGURE 3.5: Comparisons of Frequency Distributions
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p f d =
1

# o f biddersf d
�

Past awardsf d

1 + max(Past awards)
(3.8)

where # o f biddersf d is the average number of bidders on the reportable R&D contracts

awarded to �rm f on day d, and Past awardsf d is the number of R&D contracts won by �rm

f in the 365 days before dayd, normalized by 1 + the maximum number of R&D contracts

won by any �rm in same period. This variable captures the notion that the market is less

surprised when a �serial winner� (e.g., Lockheed Martin, the largest contractor in our data)

wins another contract.

Panel B in Figure 3.5 compares the baseline (no anticipation) and alternative (some

anticipation) distributions. As expected, when the market assigns positiveex-ante prob-

abilities of winning, the estimated private value of R&D contracts increases (on average,

from 19 to 39 times total potential revenue; at the median, from 5 to 8 times; see Panel B

of Appendix Table C.2).

The results from re-estimating our main regression are shown in Table 3.9. Relaxing

the no-anticipation assumption does not change our inference about the existence and

magnitude of the implicit promise of guaranteed demand in government R&D contracts.

At the sample means, the coe�cient on noncompetitive procurement in Column 2 indicates

that a one standard deviation increase inValue of future noncompetitive procurement, 5

years is associated with a larger 9% increase in private value (compared to 6% in the main

estimation).23

3.7.1.3 3-Day Estimation Window

To estimate the private value of R&D contracts, we need to identify the period over

which traders incorporate information about contract awards into stock prices. As discussed

in Section 3.5.2.1, we expect this impounding to occur quickly, by the end of the trading

23 Average Private valueis $1,155.81 million, while average Value of future noncompetitive procurement, 5 years
is $39,194.01 million. A one standard deviation increase in Value of future noncompetitive procurement, 5 yearsis
associated with a $36,703.12 * 0.097 ($1,155.81 + $0.000001)/($39,194.01 + $0.000001) = $104.99 million increase
in Private value.
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day following the award announcement ([t + 1]). Nonetheless, we assess the robustness of

our inference by re-estimating the private value of R&D contracts using a 3-day window

after the award date ([t + 1,t + 3]), assuming traders incorporate information over a longer

period.

Panel C in Figure 3.5 compares the baseline (1-day window) and alternative (3-day

window) distributions. We �nd that the estimated private value of R&D contracts increases

(on average, from 19 to 31 times total potential revenue; at the median, from 5 times to 9

times; see Panel C of Appendix Table C.2).

As before, we present the results from re-estimating our main regression in Table 3.9.

Our inference about the existence and magnitude of the implicit value of guaranteed de-

mand in government R&D contracts remains robust when extending the estimation window

from 1 to 3 days. At the sample means, the coe�cient on noncompetitive procurement in

Column 3 indicates that a one standard deviation increase inValue of future noncompetitive

procurement, 5 yearsis associated with a 7% increase in private value (compared to 6% in

the main estimation).24

3.7.1.4 Implicit Promise in Production Contracts

Our data show that �rms often receive both R&D and production contracts on the

same date. If production contracts also carry an implicit promise of future business with

the government (Belenzon & Cioaca, 2024), our estimates may overstate the private value

of government R&D contracts.

To check for this, we control for the implicit promise in production contracts by adding

two controls to our estimations: the average private value and the variance of the private

value of the reportable production contracts awarded to a �rm in a year. Since R&D

and production contracts are often awarded simultaneously, including these controls could

reduce useful variation (i.e., we risk �throwing the baby out with the bathwater�). Thus,

24 Average Private valueis $777.15 million, while average Value of future noncompetitive procurement, 5 yearsis
$39,194.01 million. A one standard deviation increase in Value of future noncompetitive procurement, 5 yearsis
associated with a $36,703.12 * 0.079 ($777.15 + $0.000001)/($39,194.01+ $0.000001) = $57.49 million increase in
Private value.
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we trade o� the risks of confounding results and losing variation of interest. Additionally,

we assume the private values of R&D and production contracts are drawn from the same

distribution, which is unlikely due to their di�erent nature.

Including these controls slightly reduces the coe�cient estimate on future noncompeti-

tive production, from 0.066 (Column 4 of Table 3.7) to 0.059 (Column 4 of Table 3.9). At

sample means, a one standard deviation increase inValue of future noncompetitive procure-

ment, 5 years corresponds to a 5% increase in private value, slightly less than in the main

estimation.25

3.7.2 Variation by Awarding Agency

The Department of Defense dominates both R&D and production contracting in terms

of total contract value and contract volume. This raises a concern that our results may be

driven solely by defense procurement. To address this, we identify the top �ve agencies by

the number of �reportable� R&D contracts awarded to our sample �rms during 1980-2015:

DoD, NASA, DoT, HHS, and DoE. We then divide the value of future production �ows

into contracts from these agencies versus others, reporting OLS estimation results using a

5-year future period in Table 3.10.

We �nd that the estimated private value is positively related to the value of future

production contracts from four of the top �ve agencies (Columns 1-3 and 5), with HHS

as the sole exception (Column 4). In Table 3.11, similar results hold when we restrict

attention to R&D contracts from each top agency individually. The relationship between

private value and future production contracts from the same agency remains positive and

signi�cant.

We conclude that our �ndings are not driven solely by DoD R&D contracts but extend

to other agencies as well.

25 Average Private valueis $465.55 million, while average Value of future noncompetitive procurement, 5 yearsis
$39,194.01 million. A one standard deviation increase in Value of future noncompetitive procurement, 5 yearsis
associated with a $36,703.12 * 0.059 ($465.55 + $0.000001)/($39,194.01 + $0.000001) = $25.72 million increase
in Private value.
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Table 3.9: Robustness Checks: Private Value and Future Production
(1) (2) (3) (4)

Dependent variable: ln(1+Private value)

Cauchy
distributions

Non-zero
probability
of winning

3-day
window

Control for
production
contr. value

ln(Value of future noncompetitive prod., 5 years) 0.061 0.097 0.079 0.059
(0.006) (0.012) (0.010) (0.008)

ln(Value of future competitive prod., 5 years) -0.006 0.003 -0.008 -0.016
(0.007) (0.015) (0.012) (0.010)

ln(Mean, private value of production) -0.016
(0.006)

ln(Variance, private value of production) 0.027
(0.006)

ln($1+Options value of focal contract) 0.004 0.009 0.004 0.004
(0.001) (0.002) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.048 0.092 0.070 0.064
(0.006) (0.013) (0.007) (0.006)

ln($1+Market value) 0.983 0.935 0.931 0.901
(0.007) (0.017) (0.012) (0.009)

Firm FE No No No No
Year FE Yes Yes Yes Yes
Mean DV 2,058.91 1,155.81 777.15 465.55
Firms 239 239 239 239
Observations 14,382 14,382 14,382 14,382
Adjusted R-squared 0.973 0.868 0.945 0.952

Notes:This table presents OLS estimates of the relationship between the private value estimated using alter-
native assumptions and the value of future production contracts awarded to the �rm during the three years
following the focal award. Standard errors (in parentheses) are clustered by year.

3.7.3 Variation by Other Firm Characteristics

We explore whether the relationship between the private value of R&D contracts and

future production contracts varies based on other �rm characteristics.

First, we examine whether industries di�er in the strength of the implicit promise to

buy products resulting from R&D. Firms are classi�ed into primary industries based on

their SIC4 classi�cation from Compustat and the �ve industry de�nitions from Fama and

French, 1993. We interact industry indicator variables with measures of future production

contracts and report OLS results in Table 3.12.

We �nd that the positive and signi�cant relationship between private value and future

production holds for most industries (Columns 1-3), with health being the only exception.
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Table 3.10: Variation by Agency (Top Five)
(1) (2) (3) (4) (5) (6)

Dependent variable: ln($1+Private value)

DoD NASA DoT HHS DoE Top �ve

ln($1+Value of future DoD prod., 5 years) 0.033
(0.006)

ln($1+Value of future non-DoD prod., 5 years) 0.016
(0.006)

ln($1+Value of future NASA prod., 5 years) 0.022
(0.003)

ln($1+Value of future non-NASA prod., 5 years) 0.031
(0.010)

ln($1+Value of future DoT prod., 5 years) 0.016
(0.003)

ln($1+Value of future non-DoT prod., 5 years) 0.036
(0.009)

ln($1+Value of future HHS prod., 5 years) 0.002
(0.002)

ln($1+Value of future non-HHS prod., 5 years) 0.046
(0.008)

ln($1+Value of future DoE prod., 5 years) 0.015
(0.003)

ln($1+Value of future non-DoE prod., 5 years) 0.041
(0.008)

ln($1+Value of future top �ve agency prod., 5 years) 0.055
(0.010)

ln($1+Value of future other agency prod., 5 years) -0.001
(0.003)

ln($1+Options value of focal contract) 0.004 0.004 0.003 0.004 0.003 0.004
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.064 0.053 0.059 0.066 0.053 0.063
(0.007) (0.007) (0.006) (0.007) (0.007) (0.007)

ln($1+Market value) 0.937 0.928 0.918 0.940 0.912 0.935
(0.013) (0.012) (0.011) (0.012) (0.012) (0.012)

Firm FE No No No No No No
Year FE Yes Yes Yes Yes Yes Yes
Mean DV 465.74 465.55 465.55 465.55 465.55 465.55
Firms 239 239 239 239 239 239
Observations 14,376 14,382 14,382 14,382 14,382 14,382
Adjusted R-squared 0.948 0.950 0.950 0.948 0.951 0.948

Notes:This table presents OLS estimates of the relationship between private value and future production from
the top �ve agencies that award reportable R&D contracts. Standard errors (in parentheses) are clustered by
year.
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Table 3.11: Future Production Contracts From the Same Agency
(1) (2) (3) (4) (5) (6)

Dependent variable: ln($1+Private value)

DoD
subsample

NASA
subsample

DoT
subsample

HHS
subsample

DoE
subsample

Top �ve
subsample

ln($1+Value of future DoD prod., 5 years) 0.109
(0.007)

ln($1+Value of future NASA prod., 5 years) 0.015
(0.006)

ln($1+Value of future DoT prod., 5 years) 0.095
(0.028)

ln($1+Value of future HHS prod., 5 years) 0.014
(0.005)

ln($1+Value of future DoE prod., 5 years) 0.015
(0.009)

ln($1+Value of future top �ve agency prod., 5 years) 0.092
(0.039)

ln($1+Options value of focal contract) 0.005 0.007 0.008 -0.002 0.020 -0.012
(0.001) (0.002) (0.004) (0.005) (0.010) (0.005)

ln($1+Obligated value of focal contract) -0.039 0.052 0.119 0.176 0.089 0.115
(0.004) (0.011) (0.032) (0.040) (0.061) (0.046)

ln($1+Market value) 0.963 1.036 0.893 0.788 0.974 0.881
(0.007) (0.010) (0.029) (0.017) (0.040) (0.043)

Firm FE No No No No No No
Year FE No No No No No No
Mean DV 473.98 439.89 634.53 183.08 248.58 367.01
Firms 197 40 13 41 17 19
Observations 12,196 1,552 173 189 102 170
Adjusted R-squared 0.889 0.904 0.937 0.962 0.883 0.905

Notes: This table presents OLS estimates of the relationship between private value and future production
from the same agency that awarded the largest R&D contract on the focal award date. Standard errors (in
parentheses) are robust to heteroskedasticity.

The lack of a positive relationship for health �rms is consistent with our earlier results

for HHS. Again, the stock market's response to R&D awards re�ects the private value of

future noncompetitive production contracts (Columns 4-6), especially for manufacturing

and hitech �rms.

Next, we examine whether the relationship between private value and future production

contracts varies with �rm capabilities, speci�cally scienti�c and technological capabilities.

We measure a �rm's scienti�c capabilities by compaing its annual publication �ow to other

�rms in the same SIC4 industry between 1980 and 2015. The indicatorHigh scienti�c capa-

bilities equals 1 for �rm-years with above-median publications and 0 otherwise. Similarly,

High technological capabilitiesequals 1 if a �rm's annual patent �ow exceeds the industry

median. We interact these indicators with future production contracts in Table 3.13.
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Table 3.12: Variation by Industry
(1) (2) (3) (4) (5) (6)

Dependent variable: ln(Private value)

Future =
3 years

Future =
5 years

Future =
10 years

Future =
3 years

Future =
5 years

Future =
10 years

ln(Value of future production) 0.006 0.011 0.009
(0.013) (0.013) (0.012)

� Consumer 0.034 0.033 0.034
(0.008) (0.008) (0.008)

� Manu f acturing 0.062 0.058 0.055
(0.008) (0.008) (0.007)

� HiTech 0.059 0.056 0.054
(0.009) (0.008) (0.008)

� Health -0.047 -0.051 -0.048
(0.012) (0.013) (0.012)

ln(Value of future noncompetitive prod.) -0.008 -0.009 -0.008
(0.015) (0.016) (0.019)

� Consumer 0.015 0.009 0.002
(0.019) (0.023) (0.027)

� Manu f acturing 0.052 0.053 0.052
(0.016) (0.017) (0.019)

� HiTech 0.145 0.149 0.156
(0.017) (0.023) (0.026)

� Health -0.013 -0.010 -0.009
(0.020) (0.023) (0.026)

ln(Value of future competitive prod.) 0.009 0.012 0.010
(0.016) (0.018) (0.020)

� Consumer 0.023 0.027 0.032
(0.020) (0.023) (0.027)

� Manu f acturing 0.019 0.014 0.011
(0.017) (0.018) (0.019)

� HiTech -0.081 -0.089 -0.099
(0.015) (0.022) (0.025)

� Health -0.027 -0.033 -0.032
(0.023) (0.025) (0.028)

ln($1+Options value of focal contract) 0.004 0.004 0.004 0.004 0.004 0.004
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.041 0.041 0.042 0.035 0.035 0.036
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

ln($1+Market value) 0.958 0.957 0.961 0.949 0.951 0.955
(0.014) (0.015) (0.014) (0.014) (0.014) (0.014)

Firm FE No No No No No No
Year FE Yes Yes Yes Yes Yes Yes
Mean DV 465.55 465.55 465.55 465.55 465.55 465.55
Firms 239 239 239 239 239 239
Observations 14,382 14,382 14,382 14,382 14,382 14,382
Adjusted R-squared 0.954 0.954 0.954 0.957 0.957 0.957

Notes: This table presents OLS estimates of the relationship between private value and future production,
conditional on �rms' primary industries (de�ned according to Fama and French, 1993). The excluded indus-
try is Other. Standard errors (in parentheses) are clustered by year.
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The results are nuanced. High scienti�c capabilities moderate the relationship between

private value and future noncompetitive production (Columns 2 and 5, p-values < 0.001).

In contrast, high technological capabilities moderate the relationship between private values

and future competitive production (Columns 4 and 5, p-values < 0.05 or better). These

�ndings are consistent with Belenzon and Cioaca, 2024, which shows that �rms respond

to R&D contracts by investing in company-funded upstream scienti�c research but not in

downstream technology development.

3.8 Conclusion

This paper examines how government procurement of innovative products and services

can leverage private resources to address societal technological challenges. We estimate the

private value of R&D contracts using stock market responses to contract award announce-

ments. Since R&D contracts often carry the promise of future production contracts for

successful contractors, their private value can exceed R&D pro�ts alone. Our approach

allows us, for the �rst time, to systematically measure the distribution of the government's

implicit promise to buy innovative products across �rms.

We �nd that R&D contracts o�er signi�cant private returns�approximately 19 times

the potential revenue from the R&D contract. However, these returns are unevenly dis-

tributed, with larger �rms possessing both scienti�c and manufacturing capacity bene�ting

more from noncompetitive government demand. This highlights the strategic advantage

of integrated �rms that can leverage both R&D and manufacturing capabilities to capture

future government contracts. Moreover, the disproportionate bene�ts for larger �rms sug-

gest that smaller �rms may face barriers to fully capitalizing on government procurement

opportunities unless they can scale their manufacturing capabilities.

Our results have implications for the U.S. innovation ecosystem, particularly regarding

the strategic advantages of specialized versus vertically integrated R&D. We �nd that pri-

vate returns to R&D are closely tied to manufacturing capabilities. A key implication is

that recent government policies aiming to decouple production from R&D contracts may re-
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duce large �rms' incentives to invest in R&D. Future research should explore the conditions

under which private returns to R&D contracts increase with a �rm's manufacturing capac-

ity. A better theoretical understanding is needed to explain why procurement contracts

awarded to successful R&D contractors have higher private value when these contractors

also have greater manufacturing capacity.
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Table 3.13: Variation by Firm Scienti�c and Technological Capabilities
(1) (2) (3) (4) (5)

Dependent variable: ln($1+Private value)

Scienti�c
capabilities

Competitive/
noncompetitive

production
Technological
capabilities

Competitive/
noncompetitive

production

Both scienti�c
and technological

capabilities

ln($1+Value of future production, 5 years) -0.014 -0.000
(0.005) (0.010)

� High scienti f ic capabilities 0.095
(0.011)

� High technological capabilities 0.077
(0.011)

ln($1+Value of future noncompetitive prod., 5 years) 0.009 0.027 -0.001
(0.009) (0.011) (0.010)

� High scienti f ic capabilities 0.093 0.085
(0.015) (0.015)

� High technological capabilities 0.049 0.013
(0.012) (0.008)

ln($1+Value of future competitive prod., 5 years) -0.020 -0.027 -0.035
(0.009) (0.010) (0.009)

� High scienti f ic capabilities -0.003 -0.012
(0.014) (0.013)

� High technological capabilities 0.025 0.041
(0.011) (0.009)

High scienti�c capabilities -0.404 -0.282 -0.219
(0.096) (0.087) (0.077)

High technological capabilities -0.416 -0.347 -0.279
(0.087) (0.079) (0.059)

ln($1+Options value of focal contract) 0.004 0.004 0.003 0.003 0.003
(0.001) (0.001) (0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.049 0.044 0.055 0.052 0.041
(0.007) (0.007) (0.007) (0.007) (0.007)

ln($1+Market value) 0.908 0.892 0.925 0.916 0.895
(0.012) (0.010) (0.012) (0.011) (0.010)

Firm FE No No No No No
Year FE Yes Yes Yes Yes Yes
Mean DV 465.55 465.55 465.55 465.55 465.55
Firms 239 239 239 239 239
Observations 14,382 14,382 14,382 14,382 14,382
Adjusted R-squared 0.955 0.956 0.953 0.954 0.958

Notes: This table presents OLS estimates of the relationship between private value and future production,
conditional on �rm scienti�c and technological capabilities. High scienti�c capabilitiesis an indicator equal to
1 if the �rm's annual publications count is above median (compared to annual publications between 1980
and 2015 of other �rms operating in the same SIC4 industry) and 0 otherwise. High technological capabilities
is an indicator equal to 1 if the �rm's annual patent count is above median (compared to annual patents
between 1980 and 2015 of other �rms operating in the same SIC4 industry) and 0 otherwise. Standard errors
(in parentheses) are clustered by year.
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4. Government R&D Contracts as Platforms for Startup Experi-
mentation

4.1 Introduction

Reducing uncertainty is central to innovation and entrepreneurship (Kline & Rosenberg,

1986; Knight, 1921; McMullen & Shepherd, 2006). Prior research highlights dimensions of

uncertainty such astechnology uncertainty, which asks, �What is technically feasible?� and

market uncertainty, which probes, �What do customers need?� Startups can address these

uncertainties through purposeful experimentation(Gans et al., 2019; Murray & Tripsas,

2004), which involves problem identi�cation, hypothesis development, testing, and analy-

sis.1 Experimentation includes both hypothesis testing to uncover causal relationships (e.g.,

�Does X cause Y?�) and free-play experimentation (e.g., �What happens if I do X?�). This

paper examines how simultaneous experimentation with technologies and markets a�ects

startup performance.

Traditionally, research on experimentation has treated the technology and market di-

mensions separately (Murray & Tripsas, 2004). Similarly, the innovation literature em-

phasizes the sequential nature of technology development and market commercialization.

Early R&D often relies on government funding to address technology uncertainty (David

et al., 2000; B. H. Hall & Lerner, 2010), while venture capital (VC) supports market

adoption (Hellmann & Puri, 2000; Samila & Sorenson, 2010). However, certain startups�

particularly �deep tech� �rms�must address both uncertainties simultaneously. These star-

tups are young science-based �rms working on technologies with lengthy, costly, and un-

certain R&D cycles (de Apodaca et al., 2023), such as clean energy or new materials. As

a result, their hypotheses about technical feasibility and commercial application must be

tested together in combinatorial experimentation (Murray & Tripsas, 2004). Despite tack-

ling societal challenges, they often lack VC funding (Arora et al., 2024; Ewens et al., 2018;

Kerr et al., 2014). The answer to the managerial dilemma �How can deep tech startups

1 Other methods include routine-based local search (Nelson & Winter, 1982) and unplanned, opportunistic
adaptation (Bhide, 2000).
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fund their experimentation?� may be to leverage government R&D contracts.

The U.S. government has a long history of funding technology experimentation through

both intramural and extramural labs. For example, after creating the Los Alamos National

Laboratory in 1943 to design nuclear weapons for the Manhattan Project, the government

established a second lab, the Lawrence Livermore National Laboratory, in 1952 to enhance

national security by o�ering competing designs (Bartman, 2023). In 2019, the government

obligated $142.4 billion for R&D activities conducted by industry (35.5%), intramural labs

(27.6%), universities (27.6%), and other organizations (9.3%) (National Center for Science

and Engineering Statistics, 2021).2 Of the $50.5 billion obligated to industry, $47.7 billion

(94.5%) was awarded as R&D contracts (USAspending.gov, 2023). High-tech startups

received approximately $2.1 billion (4.4%) of those R&D contracts, along with $7.7 billion

in VC funding and $2 billion in federal grants. These �gures show that government R&D

contracts are an important funding source for technology experimentation in startups.3

Although government R&D contracts are often overlooked in the innovation and en-

trepreneurship literature (Belenzon & Cioaca, 2024; De Rassenfosse et al., 2019), they o�er

opportunities for market experimentation. Contrary to the misconception that the federal

government is a monolithic entity with homogeneous demand, in 2019, 734 di�erent con-

tracting o�ces from 33 distinct agencies awarded R&D contracts. Those o�ces had speci�c

requirements aligned with their respective agency missions, satis�ed by unique combina-

tions of upstream industries. They acted as sophisticated lead users, capable of making

large purchases, de�ning product speci�cations and standards, and establishing markets

for new technologies (Edquist & Hommen, 2000). Historical examples include the develop-

ment of semiconductors and the Internet. Given the scale and scope of public investment

in startup experimentation, understanding its performance implications is essential.

2 The industry, university, and nonpro�t shares also include R&D performed in industry-, university-, and
nonpro�t-administered Federally Funded Research and Development Centers, respectively.

3 The government also sponsors challenges and prize competitions that represent a tiny fraction of the
federal investment in R&D. For example, the combined prize purse for 814 competitions conducted from
2010 to 2020 across the U.S. government and listed on Challenge.gov reached $243 million, compared to the
total federal R&D outlays of $1.3 trillion over the same period (Crawford & Wulkan, 2021).
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The evolution of Amprius�a battery technology company leveraging advanced nanotech-

nology�demonstrates how government R&D contracts can facilitate entrepreneurial exper-

imentation. In 2007, Stanford professor Yi Cui and a graduate student invented a silicon

nanowire anode for lithium-ion batteries, patenting and publishing their work before Cui

founded Amprius in 2008. Over its �rst decade, this deep tech startup navigated a lengthy

and uncertain R&D cycle: six years to re�ne the silicon nanowire structure and chemistry,

two years to scale the technology to a kilowatt-hour production line, and another two years

to secure Airbus as its �rst commercial customer for high-altitude pseudo-satellite batteries.

Government support was crucial. Early funding from the Department of Commerce in

2009, followed by awards from the Department of Energy, NASA, and the Department of

Defense, enabled Amprius to advance its technology despite setbacks, such as a project

that deobligated nearly half a million dollars. These projects not only improved the tech-

nology but also provided critical market feedback. For example, the Department of Energy

funded targeted electric vehicle batteries, NASA focused on low-temperature batteries for

aerospace applications, and the Department of Defense explored light batteries for wear-

able electronics. Working with contracting o�ces with distinct procurement needs allowed

Amprius to explore its technology's applicability across private markets.

The example underscores the value of public funding as a means of reducing technology

and market uncertainty and facilitating the commercialization of breakthrough technolo-

gies. This paper investigates the e�ect of experimenting with technologies and markets on

startup performance outcomes, including employment, sales, and exit through initial public

o�erings (IPOs) or mergers and acquisitions (M&A). Using startups engaged in contract

R&D for the U.S. government as a context, I also investigate how these e�ects vary by

�rm, industry, agency, and contract characteristics. Two mechanisms are considered: star-

tups may (i) certify their commercialization capabilities to private investors or (ii) develop

commercialization capabilities for later use in private markets.

I compile detailed government procurement data on 64 million transactions related to

$1.2 trillion in R&D contracts and $9.6 trillion in production contracts awarded from 1989 to
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2019 from SAM.gov and USAspending.gov. I add data on 43 million transactions involving

$27.3 trillion in project grants, cooperative grants, insurance, and direct payments awarded

between 2001 and 2019. I combine these government awards with �rm performance data

on over 5.9 million American startups from 1989 to 2019 from the National Establishment

Time Series (NETS) HiTech database. I de�ne startups as independent �rms with 1-499

employees at founding, established in 1989 or later, in one of 46 four-digit 2002 NAICS

industries classi�ed as high-tech based on their occupational mix (Hecker, 2005).

I focus on startups that successfully engage with the U.S. government (i.e., �rms that win

federal procurement contracts or grants during their �rst ten years). The analysis sample

includes 106,462 startups, of which 16,983 received R&D contracts totaling $42 billion.

I measure technology experimentationas the dollar value of R&D contracts, and market

experimentation as the number of distinct contracting o�ces awarding these contracts.4

Performance metrics include employment, sales, and exit outcomes.

Using the dollar value of R&D contracts (i.e., the depth of a startup's government

R&D work) to measure technology experimentation is reasonable because many R&D con-

tracts involve early-stage, conceptual work to turn ideas into working prototypes. That

work requires search, hypothesis development, testing, and iterative analysis�hallmarks of

purposeful experimentation. Indeed, Allen, 1984 found that teams funded by government

R&D contracts spent over 77% of their project time on analysis and experimentation. Sim-

ilarly, using the number of distinct contracting o�ces that awarded R&D contracts (i.e.,

the breadth of a startup's government R&D work) to measure market experimentation

is reasonable because many R&D contracts go through competitive solicitation processes.

That means a startup must purposefully search for a federal opportunity, form a hypoth-

esis about the value of its technology, assemble a customized proposal, and negotiate the

4 In robustness checks, I also measure technology experimentation using: (i) the dollar value of contracts
awarded for basic research, applied research and exploratory development, or advanced development; (ii)
an indicator variable equal to 1 if the startup received an R&D contract and 0 otherwise; and (iii) the number
of R&D contracts awarded to the startup. I measure market experimentation using: (i) the number of distinct
agenciesthat awarded R&D contracts; (ii) an indicator variable equal to 1 if the startup received R&D contracts
from two or more contracting of�ces and 0 otherwise; and (iii) the diversity of procurement portfolios (across
NAICS4 industries) for the contracting of�ces awarding R&D contracts.
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proposal with the contracting o�ce before an R&D contract can be awarded.

A major challenge in identifying the e�ect of experimentation on performance is the

endogeneity of contracts (David et al., 2000). Common technology or demand shocks

can a�ect both federal R&D contracting and startup performance. If R&D contracts are

systematically awarded to startups experiencing positive (negative) technology or demand

shocks, estimates of the e�ect of R&D contracts on performance will be upward (downward)

biased. To address this, I use two plausibly exogenous instruments in an instrumental

variable framework.

First, I use size standards established by the Small Business Administration, which

determine eligibility for small business programs. Using a �fuzzy� regression discontinu-

ity design, I show that startups just below the relevant employee size standard (treated

startups) obtain R&D contracts from more o�ces compared to those just above the size

threshold (control startups). Therefore, I use a treatment indicator variable as an instru-

ment for the number of R&D contracting o�ces. Second, I take advantage of increases in

federal R&D funding driven by the �use it or lose it� budgeting policy of federal agencies.

Federal agencies spend their leftover funds before the �scal year-end, September 30, bump-

ing up R&D contract value. I instrument the value of R&D contracts with an indicator

equal to 1 if the �rm received any R&D contracts during September of the focal year.

Then, I employ two-stage least squares (2SLS) regressions to estimate the causal e�ect of

experimentation on performance.

I present two sets of results. First, the dollar value of R&D contracts, my empirical

proxy for technology experimentation, is not a driver of startup performance, and may

even decrease it. Conversely, the number of distinct contracting o�ces awarding R&D

contracts, my proxy for market experimentation, signi�cantly increases employment, sales,

and the likelihood of exit via IPO or M&A. This relationship is robust across industries,

agencies, and contract characteristics. The key takeaway is that for startups contracting

with the government, it is not the amount of funding that matters but the diversity of their

engagements.
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Second, the e�ect of market experimentation varies by �rm characteristics. The number

of contracting o�ces that award R&D contracts increases performance for large startups

and decreases it for small startups. This aligns with the idea that large startups possess

more resources and capabilities to assess and pursue diverse market opportunities. More im-

portantly, the number of contracting o�ces that award R&D contracts boosts performance

more for low-growth startups than high-growth ones. This re�ects a tradeo� startups face:

Innovating for the government provides funding for joint testing of technical feasibility and

commercial application but also requires time and attention that might otherwise be di-

rected toward testing private markets. For ambitious startups, time is scarce due to patent

expiration and competing innovations.

With these results, I make two contributions. First, my research contributes to the em-

pirical literature on entrepreneurial experimentation. Prior studies have focused on single

aspects of experimentation, such as technologies (e.g., Koning et al., 2022) or markets (e.g.,

Gruber et al., 2008). In contrast, my research examines both technologies and markets si-

multaneously. Prior studies have focused on individual experiments or on startups' capacity

to experiment (e.g., Camu�o et al., 2020). In contrast, my research measures the extent of

experimentation performed in startups. My �ndings suggest that market experimentation,

rather than technology experimentation, drives high-tech startup performance. The man-

agerial implication is that low-growth startups should prioritize increasing the diversity of

contracting o�ces (not the size of contracts) to bene�t from government R&D work.

Second, my research contributes to policy debates on the government's role in funding

innovation, particularly innovation aimed at addressing major societal challenges. Deep

tech startups face signi�cant entry barriers�such as high levels of information asymmetry

and capital intensity (de Apodaca et al., 2023), and a lower ability to appropriate the value

they create (Arora et al., 2024)�leading to market failures and underinvestment by the

private sector (Kerr et al., 2014). As a result, promising technologies with potential societal

bene�ts may go unfunded if startups rely solely on venture capital or incumbents. This

could cause us to miss breakthroughs in clean energy, advanced materials, and robotics.

110



My �ndings suggest that contract R&D work for the federal government could be a viable

alternative for developing promising technologies.

The paper proceeds as follows. Section 4.2 outlines the institutional background on

startups and government procurement. Section 4.3 reviews related literature. Section 4.4

summarizes the data and Section 4.5 provides evidence supporting the proposed measures

of experimentation. Sections 4.6 and 4.7 present econometric speci�cations and results,

respectively. Section 4.8 concludes with implications and future research directions.

4.2 Institutional Background
4.2.1 Startups

What are startups, and why study them? In this paper, I de�ne startups as new

employer �rms, whether foundedde novoor spun o� from existing �rms, tracked over their

�rst ten years of activity unless they exit earlier. While most startups are small�90% have

fewer than 20 employees�and often exit within this timeframe (Decker et al., 2014), they

play a crucial role in the U.S. economy by driving job creation (Haltiwanger et al., 2013)

and economic growth (Aghion et al., 2014). From 1980 to 2010, startups created an average

of 2.9 million jobs annually, accounting for about 18% of all new private-sector jobs.

The startup rate serves as a key indicator of economic dynamism (Decker et al., 2014).

In 2019, the U.S. had over 6.1 million employer �rms operating 8 million establishments

(U.S. Census Bureau, 2022). That year, 1 million new establishments (13%) opened, while

0.9 million (11%) closed (U.S. Bureau of Labor Statistics, 2022). Between 1994 and 2019,

an average of 67.6% of new establishments survived at least two years, 48.9% at least

�ve years, 33.6% at least ten years, and 25.7% at least 15 years (U.S. Small Business

Administration, 2021). While most startups remain small, a select few scale to become

industry giants. For example, Google, founded in 1998, was valued at over $23 billion when

it went public just six years later, in 2004.

Analyzing 111 startup failures between 2018 and 2021, CBInsights, 2021 identi�ed three

primary reasons for failure: (i) running out of cash or failing to raise capital (38%), (ii)

111



solving problems that did not address market needs (38%), and (iii) being out-competed

(20%). Startups face signi�cant �nancing challenges, with only a few thousand annually

securing traditional VC funding (Lerner & Nanda, 2020). Even among startups that �le

patents, only 7% successfully attract VC investments (Farre-Mensa et al., 2020). Corporate

VC funds also tend to prioritize technologies that directly bene�t their parent companies,

particularly in industries like software, telecommunications, semiconductors, and biotech-

nology (Dushnitsky, 2012).

Research highlights additional barriers to VC funding. For instance, startups with

long timelines to exit�whether through IPOs or M&A�and costly, less-informative early-

stage experiments often struggle to attract investment (Ewens et al., 2018; Nanda, 2020).

Furthermore, startups grappling with both technology and market uncertainty may be less

attractive to investors, as their bargaining power in future acquisitions is weaker compared

to incumbents (Arora et al., 2024).

In summary, startups are indispensable to the U.S. economy. To survive and grow, they

need funding to develop products and services that align with market needs. This process

frequently involves experimenting with innovative technologies and uncertain markets, but

such e�orts often face signi�cant funding gaps due to the high risks involved.

4.2.2 Government Contracts

Federal procurement is an important yet understudied context for technology and mar-

ket experimentation, characterized by monopsonistic and oligopolistic traits. A few federal

agencies allocate most contract dollars to major contractors specializing in government

work. However, there is also considerable fragmentation on both the buyer and supplier

sides. On the buyer side, federal procurement involves thousands of contracting o�ces

across dozens of agencies. Unlike branches of a corporation, these o�ces do not share a

single mission (e.g., maximizing pro�t). Instead, they align with the diverse missions of

their parent agencies (e.g., national security vs. space exploration), as detailed in Ap-

pendix Table D.3. On the supplier side, the U.S. Congress established a goal of awarding
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20% of prime contracting dollars to small businesses in 1988, increased it to 23% in 1997,

and extended it to include subcontracting and disadvantaged businesses. The diversity in

technology needs enables startups to explore technology-market �t.

The Federal Acquisition Regulation (FAR) recognizes the substantial technology uncer-

tainty in R&D contracts:

Unlike contracts for supplies and services, most R&D contracts are directed

toward objectives for which the work or methods cannot be precisely described

in advance [emphasis added]. It is di�cult to judge the probabilities of success

or required e�ort for technical approaches, some of whicho�er little or no early

assurance of full success[emphasis added]. (FAR§ 35.002)

R&D contracts also re�ect future government demand:

[R&D] contracts shall be used only whenthe principal purpose is the acquisition

of supplies or services[emphasis added] for the direct bene�t or use of the

Federal Government. Grants or cooperative agreements should be used when

the principal purpose of the transaction is to stimulate or support research and

development for another public purpose. (FAR§ 35.002)

Between 2017 and 2021, federal agencies awarded $224 billion for R&D services and

$2,582 billion for products and other services. The DoD ($139.4 billion), NASA ($46.2

billion), and HHS ($16.5 billion) were the top awarding agencies for R&D contracts, with

seven agencies surpassing $1 billion each (see Appendix Table D.4).

These R&D contracts were awarded by various contracting o�ces, which act as the

�business units� of federal agencies.5 Their main role is acquiring products and services to

ful�ll their agency's mission while managing budgets, contracts, and procedures according to

FAR. For example, 13 of 27 contracting o�ces in the Department of Energy (DoE) awarded

R&D contracts (see Appendix Table D.5). While most contracting o�ces awarded smaller

5 As of March 31, 2016, the Federal Acquisition Regulation requires each contracting of�ce to be identi�ed
using a unique six-character Activity Address Code.
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amounts of R&D contracts, 47 o�ces awarded over $1 billion each (see Appendix Figure

D.1), presenting signi�cant opportunities for technology and market experimentation.

Industries typically received contracts from multiple agencies and contracting o�ces

(see Appendix Figure D.2). On average, a NAICS6 industry received contracts from 15

agencies and 207 contracting o�ces.6 Figure 4.1 shows the value of contracts (in constant

2012 $ billion) awarded by the top 24 contracting o�ces to industries within each of the

24 NAICS2 sectors. Deeper purple represents higher spending by a contracting o�ce in a

sector. For example, the N00019 contracting o�ce (Naval Air Systems Command Head-

quarters in Patuxent River, MD) spent $202 billion between 2017 and 2021, with $196

billion in Sector 33 Manufacturing and $4 billion in Sector 54 Professional, Scienti�c, and

Technical Services. In comparison, the 892332 contracting o�ce (DoE's National Nuclear

Security Administration M&O Contracting facility in Albuquerque, NM) spent $66 billion,

including $54 billion in Sector 56 Administrative and Support and Waste Management and

Remediation Services, and $10 billion in Sector 54 Professional, Scienti�c, and Technical

Services.

The heat map reveals two key insights. First, most industrial sectors have a low con-

centration of government demand at the contracting o�ce level.7 Second, each contracting

o�ce meets its needs with a unique mix of upstream industries. As a result, when a startup

performs R&D for a speci�c o�ce, it gains insight into that government customer's needs

and those of private-market customers with similar demand pro�les (i.e., upstream indus-

tries). Additionally, performing R&D for various o�ces allows startups to explore diverse

market applications for their technology.

In summary, government demand for new technologies is large and varied. Federal

procurement provides a valuable context for �rms to develop new technologies while learning

about both government and private-market demand.

6 NAICS6 is a granular industry classi�cation. Similar results were found using the broader NAICS4 classi-
�cation (see Appendix Table D.3).

7 An exception is Sector 33 Manufacturing, which receives most of its contracts from of�ces N00019 and
N00024.
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FIGURE 4.1: Heat Map of the Value of Contracts Awarded During 2017-2021

4.3 Related Literature

This paper integrates two literature streams to examine the intersection of entrepreneurial

experimentation and the role of government in innovation.8 Key studies are reviewed below.

4.3.1 Entrepreneurial Experimentation

The entrepreneurial experimentation literature examineswhy, what, how, and how much

entrepreneurs experiment.9 Entrepreneurs experiment�by forming beliefs, testing them,

and responding to feedback�to understand the relationship between actions and value

creation and capture under uncertainty (Zellweger & Zenger, 2023).

8 It also relates to the literature on uncertainty in entrepreneurial action (e.g., McMullen & Shepherd, 2006;
Townsend et al., 2018) and frictions in entrepreneurial �nancing (e.g., Arora et al., 2024; Nanda, 2020).

9 Scholars also debate whether entrepreneurship involves causation (e.g., Delmar & Shane, 2003), effectua-
tion (Sarasvathy, 2001), or bricolage (Baker & Nelson, 2005). See Fisher, 2012 for a discussion of these theories
and Ott et al., 2017 for entrepreneurial strategizing by “doing” vs. “thinking.”
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Entrepreneurs experiment with strategies and organizational forms (Pillai et al., 2020;

Rosenberg, 1994), technologies and product features (Brown & Eisenhardt, 1997; T. A. Hall

& Hasan, 2022; Koning et al., 2022; Thomke, 2003), markets (Contigiani & Young-Hyman,

2022; Gruber et al., 2008; Savage & Ziedonis, 2024), business models (Andries & Debackere,

2007; Andries et al., 2013; Blank, 2005; Burnell et al., 2023; Ries, 2011), and alternative

uses of assets (Posen et al., 2024).

Di�erent experimentation approaches include A/B testing (Koning et al., 2022), the

design-build-test-analyze cycle (Thomke, 2003), theory-based approaches (Agarwal et al.,

2023; Camu�o et al., 2020), and the lean startup method (Blank, 2005; Ries, 2011). Recent

research de�nes these methods' boundaries (e.g., Blank & Eckhardt, 2023; Felin et al.,

2024). For example, Teece et al., 2016 �nd the lean startup method e�ective when product

development costs and adjustment expenses are low, with frequent customer feedback, as

in software.

The optimal level of entrepreneurial experimentation remains unclear. While experimen-

tation facilitates learning and cost-e�ective adaptation (Murray & Tripsas, 2004; Thomke,

2003), excessive pivoting can undermine the value of individual trials (J. S. Chen et al.,

2024). Moreover, experimentation consumes time�a critical resource amid expiring patents

and competitive pressures�and poses risks such as intellectual property expropriation

(Contigiani, 2023). These risks are heightened in the context of government R&D con-

tracts due to the government's non-exclusive license and march-in rights (though the latter

are rarely exercised). As the likelihood of granting a non-exclusive license increases with

the number of distinct R&D contracting o�ces a startup engages with, the optimal level of

experimentation in this setting is likely constrained.

This study extends the entrepreneurial experimentation literature by examining the

performance e�ects of startups simultaneously experimenting with technologies and markets

under government R&D contracts.
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4.3.2 Role of Government in Innovation

Extensive research explores the U.S. government's role in innovation (Howell, 2024).

Much of this work focuses on the Small Business Innovation Research (SBIR) program,

which funds small businesses to commercialize early-stage research for private or government

use. The program consists of three phases: Phase I and Phase II are funded through SBIR

grants or R&D contracts, while Phase III is funded through non-SBIR R&D or production

contracts.

Bhattacharya, 2020 examines the incentives for small businesses to participate in the

DoD SBIR program. Internal incentives include qualifying for larger awards, while exter-

nal incentives include gaining knowledge for other projects or attracting acquirers. Using

contract-level data, Bhattacharya �nds strong internal but weak external incentives, and

shows that �rms often use SBIR contracts as substitutes rather than precursors for other

government contracts.

The performance e�ects of SBIR awards have been widely studied. Wallsten, 2000 �nds

that SBIR awards reduce �rms' R&D expenditures but do not a�ect employment, while

Lerner, 2000 shows that Phase II awards drive employment and sales growth only in areas

with substantial VC activity. Recipients are more likely to secure VC funding, suggesting

that SBIR awards may certify quality to investors. Similarly, Howell, 2017 �nds that Phase

I grants from the DoE double the likelihood of securing VC funding, increase patenting,

and boost sales for �nancially constrained young �rms, but larger Phase II grants show no

signi�cant e�ect. Howell also �nds no evidence that SBIR grants certify �rm quality.

For DoD SBIR contracts, Rathje, 2019 reports positive e�ects on patenting, survival,

and employment but negative e�ects on sales, especially for younger �rms or those in high-

growth industries. In contrast, Lanahan et al., 2021 �nd that SBIR participation reduces

�rm employment. Howell et al., 2021 shows that winning open-topic Phase I R&D contracts

from the U.S. Air Force SBIR program increases the likelihood of VC funding, patenting,

and subsequent non-SBIR DoD contracts. Despite ongoing interest, the SBIR program's
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e�ects on small businesses remain inconclusive.

Fini et al., 2023 connect the literature on entrepreneurial experimentation with gov-

ernment innovation support. They examine whether SBIR awards are more e�ective in

industries with high technology uncertainty versus high market uncertainty. Analyzing 531

University of California spino�s from 2000 to 2013, they �nd SBIR awards reduce failure

rates but have mixed e�ects on VC funding, �rst sales, and exits. For startups facing high

market uncertainty (e.g., ICT �rms), SBIR awards reduce VC funding, while for others

(e.g., biotechnology, energy), awards improve VC funding and performance.

What about startups facing both high technology and market uncertainty? Prior

research suggests that accumulated product-market knowledge complements technology

knowledge in product development (Nerkar & Roberts, 2004). However, no studies have

examined the e�ects of simultaneous experimentation with technologies and markets or

the impact of government R&D contracts on U.S. high-tech startups at scale. This study

addresses that gap by analyzing all high-tech startups (not just small businesses) receiving

�nancial support (grants, R&D contracts, or production contracts) from federal agencies,

both within and beyond the SBIR program.

4.3.3 Predicted Effect on Startup Performance

Prior research highlights several ways experimenting with technologies and markets

can increase performance. Government R&D contracts may fund prototype development

(Howell, 2017), certify quality to investors (Lerner, 2000) or private market customers,

reduce costs to make the new technologies competitive (D. C. Mowery, 2012), and create

pathways to substantial government demand (Belenzon & Cioaca, 2024). Even failed R&D

projects can improve overall R&D quality (Khanna et al., 2016). Additionally, engaging

with multiple contracting o�ces may help identify more valuable markets (Gruber et al.,

2008), facilitate learning (Agrawal et al., 2021), and reduce the risk of hold-up (Williamson,

1985).

However, experimenting with technologies and markets can also decrease performance.
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Startups typically operate with limited resources (e.g., managerial time and attention).

These constraints mean that the time and attention devoted to one R&D project cannot

be allocated elsewhere. This trade-o� creates opportunity costs, where choosing one course

of action may come at the expense of potentially valuable alternatives. Other potential

downsides include unreimbursed costs (e.g., bid and proposal expenses or deferred R&D

costs), signaling a �lemon� to investors by applying for government funding (Fini et al.,

2023), risk of intellectual property expropriation (Contigiani, 2023), long iteration times

(Thomke, 2003), and the stigma of failure (Landier, 2005). Experimentation may also

have no e�ect if government needs di�er signi�cantly from private-market needs (La�ont

& Tirole, 1993) and the government captures most of the rents.

In summary, theory o�ers limited guidance for predicting the net e�ect of experimen-

tation on startup performance. Moreover, prior work has shown heterogeneity in �rm

objectives: some �rms focus on selling to the government, while others use government

funding to focus on private markets (e.g., Bhattacharya, 2020). In Appendix 4.1, I adapt

the framework from Agrawal et al., 2021 to generate testable predictions about the latter. I

then empirically test how the value of R&D contracts and the number of distinct contract-

ing o�ces awarding in�uence startup employment, sales, and the likelihood of a successful

exit.

4.4 Data and Measures

I combine data from several sources: (i) high-tech startups from the 2020 National Es-

tablishment Time-Series (NETS) HiTech Database; (ii) venture capital investments from

PitchBook Venture Capital Global; (iii) Delaware-registered legal entities from OpenCor-

porates; (iv) federal procurement contracts from the Federal Procurement Data System

(FPDS); (v) federal grants and other assistance from the Financial Assistance Broker Sub-

mission (FABS); and (vi) industry sales and R&D expenditures from Compustat. Key

procedures and measures are described below (and summarized in Appendix Table D.8).
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4.4.1 High-Tech Startups

The 2020 NETS HiTech Database provides annual time-series information for 6.869

million unique establishments that reported their primary market (SIC8) in one of three

high-tech levels (I, II, or III) between January 1990 and January 2020.10 The database

contains 9-digit Dun & Bradstreet (DUNS) numbers, business names, addresses, contact

information, headquarters linkages, industry classi�cations, employment, sales, and Dun

& Bradstreet ratings. An �establishment� refers to a unique primary market (SIC8) at a

speci�c location, meaning �rms serving multiple markets or locations are considered multi-

establishment �rms.

The NETS HiTech Database is based on 31 annual snapshots (taken every January)

of the full Dun & Bradstreet DUNS Marketing Information �le. The median report date

for these snapshots ranges from June to August of the previous year, so I treat data from

1990-2020 as referring to calendar years 1989-2019.

Starting with 6,868,513 establishments, I identi�ed high-tech startups through a multi-

step process. First, I removed 14,139 delisted establishments (typically due to administra-

tive errors). I then used headquarters linkages to determine the ultimate owner of each

establishment, up to four levels in the ownership hierarchy, resulting in 6,543,607 �rms. I

excluded subsidiaries (858), branches (12), foreign-owned �rms (1,945), nonpro�ts (1,665),

and government entities (12,794). I identi�ed startups by removing �rms established be-

fore 1989 (498,469), �rms not in high-tech industries (77,209), and �rms with 500 or more

employees in their establishment year (5,301). The resulting dataset included 5,945,354

high-tech startups.

My analysis sample comprises an unbalanced �rm-year panel of 106,462 startups that

did business with the government (i.e., won at least one federal procurement contract or

10 Hecker, 2005 identi�ed 46 four-digit 2002 NAICS industries as high-tech based on occupational mix. In
the 2017 NAICS, the original 46 NAICS4s were updated to 43 NAICS4s plus 24 SIC8s. The 2020 NETS HiTech
Database includes 2.627 million establishments in Level I (where high-tech occupations are at least �ve times
the average), over 3.202 million in Level II (3-4.9 times the average), and over 1.111 million in Level III (2-2.9
times the average). Approximately 11.1% of establishments fall into more than one level over the 31 years.
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grant), tracked for up to ten years. To calculate employees and sales at the �rm-year level, I

summed the number of employees and the value of sales by the focal startup and its owned

establishments in that year. Using total sales, I created a variable,Large, which is equal

to 1 if the focal �rm-year had above-median sales compared to other high-tech startups in

the same SIC4 industry, and 0 otherwise.

4.4.2 Venture Capital Investments

PitchBook is a comprehensive database covering venture capital, private equity, and

M&A, including data on companies, investments, funds, investors, exits, and people. While

it includes common identi�ers link Central Index Key (CIK) codes, it lacks the DUNS

numbers used in the NETS HiTech Database. To link PitchBook companies to my panel

of high-tech startups, I used headquarters country and name matching.

From the initial set of 367,700 PitchBook companies, I excluded 223,605 headquartered

outside the U.S. and 21,453 founded before 1987 or after 2021. This left 122,642 companies

associated with 141,374 (current and former) company names. From the 6,868,513 NETS

HiTech establishments, I removed 14,139 delisted �rms, leaving 6,854,374 establishments

with 7,993,750 (current and former) business names. I then compared the lists and identi-

�ed 70,329 exact matches and 13,979 �fuzzy� matches, corresponding to 51,887 PitchBook

companies and 84,172 NETS HiTech establishments.11 From 1989 to 2019, 3,525 panel star-

tups (3.3%) received 9,204 investments totaling $105.9 billion, according to the PitchBook

Venture Capital Global deals database.

To calculate venture capital raised at the �rm-year level, I summed the value of com-

pleted VC deals involving the focal startup and its establishments in the focal year. The

11 After excluding exact matches, I identi�ed additional potential matches using the matchit command in
Stata. I used vector decomposition of names into 5-grams (sequences of �ve adjacent letters or spaces), simple
weights (to reduce false positives from common grams like “ Tech” and “Corp”), and Jaccard similarity
scoring. For each PitchBook company name, I retained the top �ve potential matches for further processing.
I discarded all potential matches with a Levenshtein distance (edit distance) greater than 15 and a Jaccard
similarity score below 0.90. I cleaned the name stings by removing legal suf�xes, conjunctions, and other
high-frequency terms, then reapplied the matchitcommand to the resulting “core” and “nongeneric” names.
I retained the best match with both a core and a nongeneric Jaccard similarity score ¥ 0.99 as a match. I
manually checked the best matches with either a core or a nongeneric similarity score ¥ 0.99 and identi�ed
additional matches.

121



variable Raised any venture capitalis equal to 1 if the �rm raised venture capital that year,

and 0 otherwise. High VC industry is equal to 1 if the �rm's primary industry (using the

10-industry classi�cation from Fama and French, 1993) received above-median VC funding

compared to other industries that year, and 0 otherwise.Successful exitis equal to 1 if the

startup went public or was acquired within ten years, and 0 otherwise.IPO exit is equal to

1 if the startup went public via IPO or reverse merger within ten years, and 0 otherwise.

M&A exit is equal to 1 if the startup was acquired, bought out, or involved in a merger of

equals within ten years, and 0 otherwise.

4.4.3 Delaware Entities

Startups seeking outside capital often register in Delaware due to its business-friendly

legal system.12 OpenCorporates is a database of legal entities, providing company names,

types, statuses, and incorporation and dissolution dates. I linked 4,873,369 Delaware-

registered entities to my panel of startups using exact name matching, resulting in 264,359

matches across 178,739 legal entities and 246,827 NETS HiTech establishments. From

1989 to 2019, 9,751 panel startups (9.2%) were registered in Delaware or owned Delaware-

registered establishments. I created the variableHigh growth, which equals 1 if the �rm

was initially registered in Delaware, and 0 otherwise.

4.4.4 Federal Procurement Contracts

The Federal Procurement Data System (FPDS) is the primary source for U.S. govern-

ment procurement contracts above the micro-purchase threshold.13 FPDS data, accessible

via SAM.gov (pre-2001) and USAspending.gov (2001 onwards), include such details as

transaction value, description, awarding agency and contracting o�ce, recipient, industry

(NAICS6), product or service code (PSC), extent competed, and type of set-aside. I focus

12 According to the Delaware Division of Corporations, “more than 55% of all U.S. publicly traded companies
and 65% of the Fortune 500” are registered in Delaware (https://icis.corp.delaware.gov/eCorp/).

13 The micro-purchase threshold is de�ned under Federal Acquisition Regulation. For supplies and services
(except construction and a few other speci�c exclusions), the micro-purchase threshold was $2,000 effective
December 15, 1994; $3,000 effective September 28, 2006; $3,500 effective October 1, 2015; and $10,000 effective
August 31, 2020. Note that every modi�cation to a reported contract, regardless of dollar value, must also be
reported to FPDS.
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on �prime� contracts, excluding subcontracts due to inconsistent availability.14

From 1989 to 2019, federal agencies awarded $10.71 trillion in procurement contracts,

including $1.15 trillion for R&D services and $9.56 trillion for products and other services

(nominal dollars). Each contract transaction includes the recipient's DUNS number, parent

DUNS number, or both. I linked these numbers to NETS HiTech establishments. During

this period, 96,873 panel startups (91%) received $472 billion in procurement contracts,

including $42 billion for R&D services and $416 billion for products and other services.15

A key challenge is how to measure experimentation. As shown in Appendix Table

D.6, prior research has used a variety of empirical measures, including both indicator vari-

ables (e.g.,More than one market opportunity) and continuous measures (e.g.,Cumulative

model count). I implemented both types of measures. My preferred measure ofTechnology

experimentation is the dollar value of R&D contracts awarded to the focal �rm (and its

establishments) in a given year. This measure builds on Allen, 1984, who found that tech-

nology experimentation and government feedback account for half of the technical ideas

considered and more than three-quarters of the time spent by contractors on government

R&D projects.

More speci�cally, Allen, 1984 studied 35 R&D project teams working on two scienti�c

research projects and 17 technology development projects funded by government R&D

contracts.16 He revealed that 31% of technical idea-generation messages came from analysis

and experimentation, while 19% originated from the government customer (p. 45). Over

77% of project time was devoted to analysis and experimentation (p. 60). These results

highlight the critical role of technology experimentation in government R&D projects.

14 A single procurement contract may have numerous transactions over time, some with $0 values. Obser-
vations in FPDS are at the transaction level, not the contract level.

15 I classi�ed each contract using the PSC as either R&D (involving R&D services) or production (involving
products and other services). The PSC is a 4-digit code used to describe the service(s) or product(s) acquired
in each procurement contract. Appendix Tables B.4 and B.3 present the 24 letter codes used to classify services
and the 78 two-digit numerical codes used to classify product groups, respectively.

16 The projects included research studies aimed at understanding phenomena, preliminary design studies,
and feasibility studies leading to, at most, a prototype. They were primarily from the aerospace and electron-
ics industries.
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The Value of R&D contracts is the sum of R&D obligations and R&D deobligations.

Obligations are the funds initially promised to the contractor for agreed-upon work (Data-

lab, 2018). Deobligations are any funds not spent by the end of the project. That could

be due to small accounting adjustments but also due to project delays and performance

issues. For example, if DoE awarded $250,000 for an R&D contract but the contractor was

only able to perform $200,000 worth of work, the last transaction associated with the R&D

contract would be a deobligation of -$50,000. Because federal agencies generally operate

under a �use it or lose it� policy (Liebman & Mahoney, 2017), they have an incentive to

minimize deobligations.17 Correspondingly, I use theValue of R&D deobligations as an

empirical proxy for incomplete project success or even failure.

For robustness, I created three alternative measures of technology experimentation.

First, I divided R&D contracts into two stages: early (basic research, applied research

and exploratory development, advanced development) and later (engineering development,

operational systems development, management and support, commercialization).18 Second,

I created an indicator for �rms receiving any R&D contracts. Third, I counted the number

of R&D contracts awarded.

I used the variable Awarding o�ce code to identify the federal contracting o�ce that

awarded each contract. My preferred measure ofmarket experimentation is the number

of distinct contracting o�ces awarding R&D contracts to the �rm in a given year. This

measure builds on the fact that 60% of the R&D contracts dollars awarded during 1989-2019

went through competitive solicitation procedures. That means startups typically had to

proactively search for opportunities, form hypotheses about the value of their technologies,

assemble customized proposals, and negotiate with contracting o�cesbefore receiving an

17 “If an agency fails to obligate its annual funds by the end of the �scal year for which they were appropri-
ated, they cease to be available for incurring and recording new obligations and are said to have `expired'.”
(U.S. Government Accountability Of�ce, 2004, pp. 5-4 to 5-6).

18 For R&D contracts, the PSC contains two alphabetic and two numeric digits (U.S. General Services Ad-
ministration, 2021b). The �rst digit is always the letter “A” to identify R&D, the second digit is an alphabetic
character (“A to Z”) for the major category, the third digit is numeric (1 to 9) for the subdivision, and the
fourth digit is numeric (1 to 7) for the R&D stage, as shown in Appendix Table D.7.
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R&D contract.

For robustness, I also tracked the number of distinctagencies, an indicator for �rms

receiving R&D contracts from multiple o�ces, and the diversity of contracting o�ces (1

minus the Her�ndahl-Hirschman Index of contracting o�ces' procurement portfolios across

NAICS4 industries).

I used the variableExtent competedto distinguish competitively awarded contracts from

noncompetitive ones. Additionally, I used the variableType of set asideto identify contracts

with socioeconomic program set-asides, including those for small businesses, veteran-owned

businesses, and others.

Firms report total sales to the NETS HiTech database. The U.S. government reports

procurement contracts obligated to each �rm (i.e., government sales). I calculatedPrivate

salesas total sales minus government sales.

4.4.5 Federal Grants

The Financial Assistance Broker Submission (FABS) is the authoritative source for U.S.

government �nancial assistance awards, including project grants, cooperative agreements,

insurance, and direct payments. FABS data, available via USAspending.gov (since 2001),

include details on award value, description, transaction date, awarding agency and o�ce,

recipient, and program code (CFDA). Like with procurement contracts, I focus on �prime�

�nancial assistance awards, as sub-awards are inconsistently available. I used the same

procedure as for contracts to link grant recipients to NETS HiTech establishments. From

2001 to 2019, 13,348 panel startups (11.6%) received $27.1 billion in federal grants and

�nancial assistance.

To calculate grants at the �rm-year level, I summed the value of grants and other

�nancial assistance awarded to each startup (and its owned establishments) in the focal

year. Grant data were not available at scale before 2001, so the panel has missing grant

data for 1989 through 2000.
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4.4.6 Industry Sales and Patent Citations

Compustat provides �nancial and market data for publicly traded companies, including

balance sheet items, income statements, cash �ow data, and industry metrics. I used the

Compustat North American Fundamentals Annual database (1950-2024) from Wharton

Research Data Services, excluding �nancial services and Canadian-listed �rms. I aggregated

de�ated annual sales at the (historical) NAICS4 industry-year level. For each industry j

and year t, I calculated Annual Sales Growthjt = ( Salesjt � Salesjt � 1)/ Salesjt � 1 � 100. I

then calculated Industry revenue volatilityjt , a measure of market uncertainty, using the

standard deviation of Annual Sales Growthover a ten-year window,[t � 9, t]. I divided this

measure into tertiles for the 1950-2024 period.

Figure 4.2 plots technology and market uncertainty for the 1989-2019 period (loga-

rithmic scales). �T1� and �T2� indicate the �rst and second tertiles. Industries with low

technology and market uncertainty include Waste Collection (5621) and Depository Credit

Intermediation (5221). Medium levels include Oil and Gas Extraction (2111) and Coating,

Engraving, Heat Treating, and Allied Activities (3311). High levels include other Scien-

ti�c Research and Development Services (5417) and Electrical Equipment Manufacturing

(3353).

4.4.7 Patent Measures

I used the mapping between USPTO patent assignees and establishments from the 2020

NETS HiTech Database provided by Arora, Belenzon, Lee, and Ma, 2025. My analysis

sample includes 4,152 startups with at least one granted patent in their �rst ten years.

For each granted patent, I obtained the following measures from the OECD Intellectual

Property Database (OECD, 2022):

• Number of backward citations,

• Number of citations to non-patent literature (NPL),

• Number of claims (at the date of publication),

• Number of forward citations (received within a 7-year window after publication),
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FIGURE 4.2: Technology and Market Uncertainty at Industry-Year Level

• Generality index (high if the patent was cited by subsequent patents spanning a wide

range of �elds),

• Originality index (high if the patent cited prior patents from diverse technology �elds),

• Radicalness index (high if the patent signi�cantly di�ered from its cited predecessors),

• Patent renewal (number of years since application during which the granted patent

remained active), and

• Composite quality index (based on forward citations within �ve years of publication,

patent family size, number of claims, and the generality index).

All measures were normalized by the average of patents �led in the same cohort (i.e.,

same �ling year and technology �eld). Additionally, I obtained the breakthrough invention

measure, an indicator variable equal to 1 if the patent ranked in the top 1% of cited patents

within its cohort.

4.4.8 Descriptive Statistics

My estimation sample includes 106,462 startups that engaged with the government. Of

these, 96,873 (91%) received at least one federal procurement contract (1989-2019; hereafter,

�contractors�), 16,983 (16%) received at least one R&D contract (1989-2019; henceforth,
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�R&D contractors�), and 13,348 (13%) received at least one federal grant or other assis-

tance (2001-2019; hereafter, �grantees�). Government sales made up a signi�cant portion of

total sales. Startups received $42 billion in R&D contracts and $416 billion in production

contracts during their �rst ten years, representing about 19% of their $2.38 trillion in total

sales.

The $42 billion in R&D contracts covered various services (see Appendix Table D.9).

The top areas R&D contract areas were defense ($26.2 billion), other research and devel-

opment ($6 billion), medical ($3.7 billion), general science and technology ($2.5 billion),

and space ($2 billion). The share of basic and applied research in R&D varied, from 1%

(housing R&D) to 88% (natural resource R&D). Overall, $22.9 billion (54%) was awarded

for upstream research and $19.3 billion (46%) for downstream development and commer-

cialization.

Firms operated across 871 NAICS6 industries. The top three SIC3 industries were

Management and Public Relations Services (28,082 startups, 27% of sample), Computer

and Data Processing Services (15,483 startups, 15%), and Research and Testing Services

(11,877 startups, 11%). By NAICS2 sector, 81% of startups operated in Professional,

Scienti�c, and Technical Services (66,707 startups), Manufacturing (12,579 startups), or

Wholesale Trade (6,420 startups). Approximately 5% of �rms (5,395 startups) initially

registered in Delaware, indicating a desire for external capital. Around 3% (3,533 startups)

successfully secured venture capital funding. Regarding exit outcomes, 0.5% (516 startups)

were acquired, while 0.2% (248 startups) went public through an IPO.

Table 4.1 provides descriptive statistics for the main variables used in the econometric

analyses. Correlations are reported in Appendix Tables B.21 and D.13. On average, panel

startups had 13 employees (with headcount ranging from 1 in the 5th percentile to 40

in the 95th) and $2.68 million in annual sales (with sales ranging from $0.03 million in

the 5th percentile to $6.81 million in the 95th). R&D contractors were larger, with 18

employees and $3.41 million in annual sales, and raised more venture capital ($0.22 million

versus $0.12 million per year). R&D contractors received an average of $0.29 million in
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Table 4.1: Descriptive Statistics for Main Variables
(1) (2) (3) (4) (5) (6) (7) (8)

Distribution

Obs. Mean Std. dev. min 5th 50th 95th max
A. All startups
Employees (#) 885,188 13.11 111.13 1.00 1.00 3.00 40.00 21,312.00
Sales ($ mm) 885,188 2.68 42.44 0.00 0.03 0.26 6.81 8,085.91
Venture capital raised ($ mm) 885,188 0.12 3.57 0.00 0.00 0.00 0.00 1,281.71
Raised any venture capital 885,188 0.01 0.10 0.00 0.00 0.00 0.00 1.00
Large 885,188 0.56 0.50 0.00 0.00 1.00 1.00 1.00
High growth 885,188 0.05 0.21 0.00 0.00 0.00 0.00 1.00
High VC industry 885,188 0.87 0.33 0.00 0.00 1.00 1.00 1.00
Number of R&D contracts (#) 885,188 0.10 1.96 0.00 0.00 0.00 0.00 1,213.00
Number of production contracts (#) 885,188 1.83 39.29 0.00 0.00 0.00 4.00 13,045.00

B. Only R&D contractors
Employees (#) 146,207 17.96 148.27 1.00 1.00 4.00 50.00 11,207.00
Sales ($ mm) 146,207 3.41 51.68 0.00 0.04 0.34 7.89 7,879.65
Venture capital raised ($ mm) 146,207 0.22 5.04 0.00 0.00 0.00 0.00 872.80
Raised any capital 146,207 0.02 0.13 0.00 0.00 0.00 0.00 1.00
Number of R&D contracts (#) 146,207 0.63 4.79 0.00 0.00 0.00 2.00 1,213.00
Number of production contracts (#) 146,207 3.05 54.20 0.00 0.00 0.00 8.00 13,045.00
Number of R&D contracting of�ces 146,207 0.42 0.94 0.00 0.00 0.00 2.00 35.00
Value of R&D contracts ($ mm) 146,207 0.29 2.88 0.00 0.00 0.00 0.99 377.57

Value of R&D obligations ($ mm) 146,207 0.30 2.99 0.00 0.00 0.00 1.00 404.00
Value of R&D deobligations ($ mm) 146,207 -0.01 0.38 -84.05 0.00 0.00 0.00 0.00

Value of production contracts ($ mm) 146,207 1.18 23.85 0.00 0.00 0.00 2.22 3,856.07
Value of grants ($ mm) 114,767 0.05 1.49 0.00 0.00 0.00 0.00 264.41

Notes:This table provides descriptive statistics for the main variables used in the econometric analyses. The
unit of analysis is a �rm-year. Panel A summarizes the full analysis sample, while Panel B summarizes the
subsample of 16,983 R&D contractors. The grant value is only available for the years 2001-2019.

R&D contracts from 0.42 distinct contracting o�ces annually (see Appendix Figure D.4 for

frequency distributions).

Table 4.2 presents mean comparison tests for the 16,983 R&D contractors based on �rm

characteristics. As expected, large startups raised more VC funds and secured more gov-

ernment contracts and grants. High-growth startups (those initially registered in Delaware)

were larger in both employees and sales, raised more venture capital, and won more govern-

ment contracts and grants. Startups in industries with above-median VC funding tended

to be smaller, secured more R&D contracts from more distinct contracting o�ces, but won

fewer production contracts.
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Table 4.2: Difference in Means for R&D Contractors by Firm Characteristics
(1) (2) (3) (4) (5) (6)

Large vs. not High growth vs. not High VC industry vs. not

Diff. t Diff. t Diff. t
Employees (#) 25.70 32.38 12.38 8.26 -8.56 -4.98
Sales ($ mm) 5.35 19.29 1.40 2.67 -5.19 -8.66
Venture capital raised ($ mm) 0.27 10.10 1.18 23.28 -0.02 -0.42
Number of R&D contracting of�ces 0.20 39.01 0.12 13.02 0.06 5.57
Value of R&D contracts ($ mm) 0.32 20.66 0.16 5.52 0.13 4.04
Value of production contracts ($ mm) 1.73 13.52 2.30 9.54 -1.44 -5.20
Value of grants ($ mm) 0.06 6.25 0.06 3.86 0.01 0.53

Notes:This table displays mean comparison tests for the 16,983 R&D contractors by speci�c �rm character-
istics. The unit of analysis is a �rm-year. Columns 1 and 2 compare Largestartups (i.e., �rm-years with
above-median sales compared to other startups operating in the same SIC4 industry) with Small startups
(i.e., �rm-years with below-median sales compared to other startups operating in the same SIC4 industry).
Columns 3 and 4 compare High growthstartups that initially registered in Delaware with those that registered
in other states. Columns 5 and 6 compare startups operating in High VC industries(i.e., industries with above-
median funding relative to other industries in the same year) with startups operating in Low VC industries
(i.e., industries with below-median funding relative to other industries in the same year). The two-sample
t-tests use unequal variances. The grant value is only available for the years 2001-2019.

4.5 Nonparametric Evidence of Experimentation

To examine how experimentation a�ects performance, I measure �rms' technology and

market experimentation. While direct measures from interviews or surveys are ideal, they

are impractical for a sample of 106,462 startups. Instead, I use administrative data as

proxies, validating them by comparing theoretical expectations with observed empirical

patterns.

Experimentation involves higher variability in outcomes and changes in strategic behav-

ior over time. Because experimentation entails testing unproven ideas or entering uncertain

markets, I expect experimenting �rms to show higher variance in returns, with some con-

tracts yielding breakthrough innovations and others yielding little to no value. Similarly,

�rms with R&D contracts from multiple contracting o�ces are likely to face more unsuc-

cessful attempts (e.g., prototypes that don't work, markets that lack demand), resulting in

higher project failure rates (e.g., abandoned projects or R&D contracts terminated early).

Firms typically experiment aggressively in the early stages to identify viable technologies

and markets. Over time, they re�ne their focus as they learn what works. Early on, I expect

rapid growth in the number of R&D contracting o�ces as �rms explore various markets.
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Later, this number should decline as surviving �rms achieve technology-market �t.

Nonparametric evidence supports these expectations. Table 4.3 presents mean compar-

ison tests for the 4,125 patenting startups in the analysis sample. On average, startups

that received R&D contracts (i.e., engaged in technology experimentation) generated a

similar �ow of granted patents (measured at the application year to account for di�erences

in grant lags). However, their patents exhibited greater technological and economic value:

they included more NPL citations, indicating more complex and fundamental knowledge

(Cassiman et al., 2008); contained more claims, re�ecting broader technological scope and

higher market value (Tong & Frame, 1994); received more forward citations, suggesting

greater technological signi�cance; had higher generality and radicalness; and remained ac-

tive for a longer period through renewals.

Moreover, startups that secured R&D contracts from multiple (2+) contracting o�ces

(i.e., engaged in simultaneous market experimentation) were more likely to produce break-

through patents�those in the top 1% of citations�while also exhibiting greater variability

in patent quality (higher standard deviation in forward citations). These �ndings align

with the notion that experimentation enhances both the average technological quality and

the variance of returns.

Table 4.4 crosstabulates market experimentation and project failure for 16,983 R&D

contractors in the analysis sample. Of these, 2,951 (17%) experienced at least one R&D

deobligation, indicating incomplete project success or failure. Additionally, 3,623 (21%)

received R&D contracts from multiple contracting o�ces in the same year, indicating si-

multaneous market experimentation. As expected, the share of startups that had at least

one R&D deobligation was more than twice as high among those that received R&D con-

tracts from two or more contracting o�ces in the same year (32%) compared to those that

did not (14%).

A potential concern is that startups with a high volume of R&D contracts�measured by

total dollars or number of contracts�may mechanically show higher rates of both market

experimentation and project failure. To address this, I normalized R&D deobligations
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Table 4.3: Differences in Patent Characteristics by Technology and Market
Experimentation

(1) (2) (3) (4)
Technology experim. vs. not Market experim. vs. not

Diff. t Diff. t
Granted patents (counted at application year) -0.12 -1.62 -0.09 -0.97
Breakthrough patent (0/1) 0.00 0.05 0.01 3.30
Patent backward citations -0.04 -0.97 -0.09 -1.59
Patent NPL citations 0.57 4.32 0.41 2.34
Number of claims 0.07 3.91 0.07 2.96
Patent forward citations 0.12 2.24 0.32 4.36
Patent generality 0.04 3.94 0.03 2.45
Patent originality -0.00 -0.52 -0.01 -2.42
Patent radicalness 0.07 5.67 0.06 3.70
Patent renewal 0.01 1.85 0.01 1.52
Patent quality index 0.02 1.99 0.02 1.93
Standard deviation of patent forward citations 0.08 0.99 0.19 1.75

Notes:This table displays mean comparison tests for the 4,152 patenting startups by technology and market
experimentation. The unit of analysis is a �rm-year. Columns 1 and 2 compare 1,704 startups that engaged
in technology experimentation (i.e., received R&D contracts at least once) with 2,448 that did not. Columns
3 and 4 compare 656 startups that engaged in simultaneous market experimentation (i.e., received R&D
contracts from 2+ of�ces at least once) with 3,496 that did not. The two-sample t-tests use unequal variances.

Table 4.4: Market Experimentation and Project Failure
(1) (2) (3)

No R&D deobligations R&D deobligations Total

Received R&D contracts from 2+ of�ces Count % Count % Count %

No 11,551 86% 1,809 14% 13,360 100%
Yes 2,481 68% 1,142 32% 3,623 100%

Total 14,032 83% 2,951 17% 16,983 100%

Notes:This table provides a cross-tabulation of market experimentation (receiving R&D contracts from two
or more distinct contracting of�ces in the same year) and project failure (having R&D deobligations) for the
subsample of 16,983 R&D contractors. The unit of analysis is a �rm.

by (i) the value of R&D obligations or (ii) the total number of contracts. Startups were

classi�ed as having High project failure if their normalized deobligations were in the top

decile within their four-digit SIC industry. Appendix Table D.14 shows that regardless

of the normalization approach, High project failure rates were more likely among �rms

engaging in market experimentation, highlighting its inherent risk.

Another concern is that �rms working with multiple R&D contracting o�ces might spe-

cialize in government R&D services, treating these as ends rather than means for technology-

market �t. Table 4.5 alleviates this concern: startups that received R&D contracts from
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Table 4.5: Market Experimentation and Product Sales to the Government

(1) (2) (3)
No product sales Product sales Total

Received R&D contracts from 2+ of�ces Count % Count % Count %

No 7,225 54% 6,135 46% 13,360 100%
Yes 1,740 48% 1,883 52% 3,623 100%

Total 8,965 53% 8,018 47% 16,983 100%

Notes:This table provides a cross-tabulation of market experimentation (receiving R&D contracts from two
or more distinct contracting of�ces in the same year) and product sales to the government for the subsample
of 16,983 R&D contractors. The unit of analysis is a �rm.

multiple contracting o�ces in the same year were more likely to sell products or other

services to the government (52%) compared to those that did not (46%), suggesting that

market experimentation often leads to innovative product sales.

Figure 4.3 depicts how average headcount, sales, and experimentation evolve with �rm

age. Conditional on survival, R&D contractors grow in size (Panel A) and receive more

R&D contracts from more contracting o�ces (Panel B) over time. Market experimentation

increases in the �rst 1-2 years before declining rapidly (Panels C and D) as �rms focus on

promising applications. Technology experimentation peaks within 3-4 years and declines

more gradually (Panels C, D, and F), re�ecting eventual transitions to product sales (Panels

E and F).

In summary, the nonparametric evidence validates the proposed proxies for market and

technology experimentation. Firms engaging in contract R&D work for multiple contracting

o�ces exhibit higher failure rates but also greater product sales, re�ecting the risks and

rewards of market experimentation. Normalized R&D contract values align with early

exploration and later focus, con�rming these proxies' utility for analyzing the impact of

experimentation on startup performance.
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FIGURE 4.3: Changes in Headcount, Sales, and Experimentation
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4.6 Econometric Speci�cations
4.6.1 Employment and Sales Equations

Most analyses are conducted at the �rm-year level. The relationship between experi-

mentation and performance is estimated using the following speci�cation:

ln(Y) i ,t = a0 + a1Number o f R& D contracting o f f icesi ,t� 1

+ a2Value o f R& D contractsi ,t� 1

+ a3Value o f production contractsi ,t� 1

+ a4Value o f grantsi ,t� 1 + Z 1
i,t� 1! + � i + � t + ei ,t

(4.1)

Here, Yi ,t represents either employees or sales for �rmi in year t. Number o f R& D

contracting o f f icesi ,t� 1, the count of distinct contracting o�ces awarding R&D contracts

to �rm i in year t � 1, proxies for market experimentation. Value o f R& D contractsi ,t� 1,

the dollar value of R&D contracts awarded to �rm i in year t � 1, proxies for technology

experimentation. Value o f production contractsi ,t� 1 is the dollar value of production con-

tracts awarded to �rm i in year t � 1. Value o f grantsi ,t� 1, the dollar value of federal

grants and other assistance awarded to �rmi in year t � 1, is only available from 2001 to

2019. The vectorZ includes indicators for transaction deobligations. The vectors� and �

represent �rm �xed e�ects and year �xed e�ects, respectively, while e is an iid error term.

All monetary values are adjusted to 2012 dollars using the GDP Implicit Price De�ator

(U.S. Bureau of Economic Analysis, 2021). Standard errors are clustered at the �rm level.

The primary coe�cients of interest are a1 and a2. I hypothesize â1 ¡ 0, as market ex-

perimentation allows �rms to learn about the applicability of their technology across various

markets. I also expectâ2 ¥ 0, re�ecting the minimal downside risk of cost-reimbursement

R&D contracts, where agencies, not contractors, bear cost overruns.19 I examine hetero-

geneity by analyzing di�erences across industry, agency, contract, and �rm characteristics.

19 The federal government uses two primary types of contracts: �xed-price and cost-reimbursement.
Fixed-price contracts impose the greatest risk on the contractor (to cover cost overruns). In contrast, cost-
reimbursement contracts shift most of the risk to the government (which covers cost overruns).
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Due to the overdispersed nature of the dependent variableEmployees, I supplement

OLS regression with Poisson �xed-e�ects regression, which provides valid semi-elasticity

estimates even with continuous outcomes (Cohn et al., 2022).

4.6.2 Instrumental Variable Strategy

Contract endogeneity (David et al., 2000) presents a key challenge, as technology or

demand shocks may in�uence both federal R&D contracting and startup performance. For

example, if R&D contracts are more likely to be awarded to startups experiencing positive

technology or demand shocks,â1 and â2 could be upward biased. Conversely, if R&D

contracts disproportionately target startups facing negative shocks, these estimates could

be downward biased. To address these potential biases, I employ an instrumental variable

strategy with two instruments for the two endogenous regressors.

First, I use the size standards set by the Small Business Administration (SBA) to deter-

mine which �rms can compete for government programs reserved for small businesses.20 A

�fuzzy� regression discontinuity design around these size thresholds provides a local average

treatment e�ect (LATE). The assignment variable in this design is either the number of

employees or the value of sales, with the cuto� determined by SBA standards for the �rm's

industry (NAICS6) and year.21 Between 2001 and 2019, I identify 767 industries with

employee-based size standards and 593 industries with sales-based standards. Employee

size standards range from 50 to 1,500, with a mean of 588, while sales standards range

from $0.5 million to $38.5 million, averaging $11.79 million (nominal dollars). Figure 4.4

illustrates the frequency distributions of these size standards over time.

Startups just below the cuto� (eligible for small business set-asides) serve as natural

comparisons to those just above it (ineligible), as the former are more likely to receive

20 Eligibility also requires �rms to meet additional criteria, including being for-pro�t, independently owned,
and U.S.-based (U.S. Small Business Administration, 2024).

21 The SBA revises size standards based on changes in industries (e.g., competition, �rm size distribution,
start-up costs, entry barriers) and the overall economy (e.g., technology changes, competition from other
industries, growth trends). The SBA reviews the impact of in�ation on monetary size standards at least once
every �ve years, adjusting the standards as necessary.
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FIGURE 4.4: Frequency Distributions of Employee and Sales Size Standards

contracts from multiple R&D contracting o�ces. A key identifying assumption is that

�rms cannot precisely manipulate their assignment variable (D. S. Lee & Lemieux, 2010).

To test this, I center the assignment variable by subtracting the size standard from the

�rm's employee count. For example, a �rm with 135 employees in an industry with a

150-employee size standard has a centered value of� 15.

Figure 4.5 shows the density of the centered assignment variable within the [-50,+50]

range. There is no discontinuity at the cuto�, indicating that �rms do not strategically

adjust their size to qualify for small business programs. Moreover, baseline covariates,

including Value of production contracts and Value of grants, are balanced around the cuto�

(see Appendix Figures D.5 and D.6).

Figure 4.6 illustrates a �fuzzy� discontinuity: startups with a headcount just below the

applicable employee size standard (i.e., treated startups) receive R&D contracts from more

contracting o�ces compared to those just above the size standard (i.e., control startups).

Therefore, I use a treatment indicator variable, equal to 1 for �rm-years with a centered

assignment variable in the [-50,0] interval, as an instrument for the number of distinct R&D

22 This �gure plots the density of the centered assignment variable in the [-50,+50] interval. Firm-year obser-
vations are grouped into 50 bins (25 on each side) using a bandwidth of 2 employees. There is more density
overall to the left of the size standard because there are more small �rms than large �rms.
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FIGURE 4.5: Density of the Assignment Variable 22

FIGURE 4.6: Number of R&D Contracting Of�ces Around the Cutoff 23

contracting o�ces.

Second, I exploit the federal government's �scal year-end �use it or lose it� budgeting

policy, which drives a surge in R&D contract values in September (Liebman & Mahoney,

2017). This timing e�ect, which is unrelated to technology or demand shocks, serves as a

23 This �gure plots the conditional mean number of R&D contracting of�ces for observations with centered
assignment variables in the [-100,+100] interval. It uses �rm-years with a headcount up to 100 employees
smaller or larger than the applicable employee size standard. Data are plotted in 50 bins (25 on each side of
the cutoff) using a bandwidth of 4 employees.
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second instrument.

Figure 4.7 shows that the number of R&D contract transactions spikes each September

(Panel A), consistent with agencies modifying more contracts toward the end of the �scal

year. The dollar value of R&D obligations also spikes (Panel B). The dollar value of R&D

deobligations (i.e., funds no longer spent, so potentially available for reallocation to more

promising projects) also spikes (Panel C). On average, over 2000-2019, $5.5 billion in R&D

contracts were awarded during September, compared to just $2.6 billion during July (Panel

D). I instrument the Value of R&D contracts using an indicator for whether a �rm received

R&D funding in September.

Using these instruments, I estimate the causal e�ects of R&D contracting on startup

performance via two-stage least squares (2SLS) regressions. The �rst stage models variation

in the number of distinct R&D contracting o�ces and the value of R&D contracts. The

second stage leverages these instrumented variables to identify the impact of experimenting

with technologies and markets on performance outcomes.

4.7 Estimation Results

The estimation results suggest a strong e�ect of the number of R&D contracting o�ces

(i.e., market experimentation) on startup performance. Detailed analyses follow.

4.7.1 Employment and Sales Equations

Table 4.6 presents within-�rm estimates for startup employment. OLS estimates in

Columns 1, 3, and 4 show a positive relationship between theNumber of R&D contracting

o�ces and headcount (p-values < 0.01). At the sample means, the coe�cient in Column

4 indicates that winning R&D contracts from one additional o�ce corresponds to a 10.6%

increase in headcount. SinceEmployees is an overdispersed count variable, Column 5

reports Poisson regression estimates.

Robustness checks are included in Appendix Table D.15. Since larger �rms may be

better positioned to work with more R&D contracting o�ces, I use Employee growth(per-

centage change in headcount year-over-year) as the dependent variable. Since older �rms
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FIGURE 4.7: Timing of R&D Contracts

may be better positioned to work with more R&D contracting o�ces, I add a control for

Firm age (measured in years since founding). Since �rms with higher VC funding often

have more �nancial resources to hire employees, independent of government R&D contract-

ing, I add a control for Value of venture capital raised. And, since specialist �rms may be

better positioned to work with more R&D contracting o�ces, I restrict the analysis sample

to the 16,983 R&D contractors. Results remain consistent across these speci�cations.

In contrast, the Value of R&D contracts does not consistently relate to startup employ-

ment. OLS estimates in Columns 2, 3, and 4 are small and positive, with a coe�cient in

Column 4 suggesting that an additional $1 million in R&D contracts corresponds to a 1.1%

increase in headcount. However, given the average R&D contractor receives $0.29 million

in R&D contracts annually, a $1 million increase represents a substantial change associated
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with a negligible increase in headcount. The Poisson estimate in Column 5 is negative,

casting doubt on the link between R&D contracts and employment. Robustness checks

in Appendix Table D.15 are similarly inconclusive. These results suggest that government

R&D contracts may fund projects startups would pursue independently.24

These coe�cient estimates may be biased due to endogeneity. I address this using the

instrumental variables described in Section 4.6.2. Speci�cally, I estimate a local average

treatment e�ect (LATE) within a narrow window around the employee size standards that

de�ne treatment and control groups in the regression discontinuity design. For comparison,

new baseline OLS estimates are included in Column 6. The sample includes only �rm-

years between 2001 and 2019 with a headcount of up to 100 employees smaller or larger

than the applicable size standard. Firm and year �xed e�ects are replaced with NAICS6

industry-year �xed e�ects, and standard errors are clustered by industry-years rather than

by �rm.

In the �rst stage, I regress each endogenous regressor�Number of R&D contracting

o�ces and Value of R&D contracts�on all exogenous variables. These include the indicator

Treated (equal to 1 for �rm-years with headcount up to 50 employees below the applicable

size standard), the indicator September(equal to 1 for �rm-years that received any R&D

contracts in September), and the control variables. Appendix Table D.15, Columns 7 and

8, reports these regressions.

I �rst test the relevance of the excluded instruments (i.e., whether they correlate with

the endogenous regressors). A p-value of 0.0069 from the Kleibergen-Paap rk LM statistic

lets me reject the null of underidenti�cation, con�rming joint correlation. Next, I assess the

strength of this correlation. The Kleibergen-Paap Wald rk F statistic is 4.01, below the 10%

maximal IV size critical value of 7.03, suggesting that the instruments may be weak. Indeed,

the Sanderson-Windmeijer �rst-stage F statistics indicate that Value of R&D contracts is

weakly identi�ed (Sanderson & Windmeijer, 2016). With weak instruments, the 2SLS

24 Previous studies on SBIR awards and small �rm employment report mixed results: Wallsten, 2000 found
no effect, Lerner, 2000 found a positive effect, while Lanahan et al., 2021 found a negative effect.
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Table 4.6: Estimation Results for the Employment Equation

(1) (2) (3) (4) (5) (6) (7)
Dependent variable: ln(Employees) t Employeest ln(Employees)t

Number
(OLS)

Value
(OLS)

Both
(OLS)

Additional
controls
(OLS)

Additional
controls
(Poisson)

Narrow
window
(OLS)

Narrow
window
(2SLS)

Number of R&D contracting of�ces t� 1 0.116 0.108 0.106 0.067 0.246 0.789
(0.004) (0.005) (0.005) (0.015) (0.047) (0.131)

Value of R&D contracts t� 1 0.021 0.010 0.011 -0.009 0.030 -0.211
(0.005) (0.003) (0.004) (0.004) (0.039) (0.109)

Value of production contracts t� 1 0.001 0.001 0.021 0.019
(0.000) (0.000) (0.002) (0.002)

Value of grants t� 1 0.002 0.002 0.026 0.017
(0.001) (0.001) (0.017) (0.012)

Year FE Yes Yes Yes Yes Yes No No
Firm FE Yes Yes Yes Yes Yes No No
Industry-year FE No No No No No Yes Yes
Mean DV 14.03 14.03 14.03 12.01 12.01 9.55 9.55
Firms 102,958 102,958 102,958 91,708 91,708 6,146 6,146
Observations 780,976 780,976 780,976 630,409 630,409 31,947 31,947
Weak identi�cation (Kleibergen-Paap) 65.08
Adjusted/pseudo R-squared 0.88 0.88 0.88 0.89 0.88 0.07 0.00

Notes:This table presents the effect of experimentation on startup employment. The analysis samples in Columns 4 and 5 include only the years 2001-2019,
when grant data are available. Columns 6 and 7 are restricted to �rm-years between 2001 and 2019 with a headcount of up to 100 employees smaller or larger
than the applicable employee size standard. Standard errors (in parentheses) are robust to arbitrary heteroskedasticity and allow for serial correlation through
clustering by �rms (Columns 1-5) or industry-years (Columns 6 and 7).
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estimator can be biased and imprecise, so I instrument only the strongly identi�ed endoge-

nous regressor,Number of R&D contracting o�ces .

In the second stage, I regress startup employment on the predictedNumber of R&D

contracting o�ces from the �rst stage, along with the Value of R&D contracts and the

control variables. Column 7 of Table 4.6 shows a positive e�ect of theNumber of R&D

contracting o�ces (market experimentation) on headcount, while the coe�cient on the

Value of R&D contracts (technology experimentation) turns negative and signi�cant.

These 2SLS estimates re�ect local average treatment e�ects: startups that receive R&D

contracts from an additional o�ce due to being small businesses winning awards in Septem-

ber experience headcount growth in the following year. This suggests that the government

expands R&D contracting to startups facing negative technology or demand shocks. The

downward bias in contracting breadth is expected, as the government targets small and

disadvantaged businesses in procurement.

Table 4.7 presents within-�rm estimates for startup sales. Similar to the headcount

results, theNumber of R&D contracting o�ces is positively related to sales in both OLS and

Poisson regressions (p-values < 0.01). As shown in Appendix Table D.16, this relationship

also holds forSales growthand remains robust when controlling for �rm age and VC capital

raised, or restricting the sample to R&D contractors. The 2SLS results suggest a positive

e�ect of market experimentation and a negative e�ect of technology experimentation on

startup sales. The latter is consistent with prior mixed �ndings on the impact of SBIR

awards on small �rm sales.25

A concern is that the Treated instrument (headcount up to 50 employees below the size

standard) might a�ect startup performance through pathways other than its direct e�ect

on the Number of R&D contracting o�ces .26 Small businesses may, for example, receive

additional guidance on how to win government awards. To address this, I use the

25 Lerner, 2000 found a positive effect for Phase II awards, while Howell, 2017 found a positive effect for
Phase I awards but a negative effect for Phase II awards.

26 I thank Timothy Simcoe for raising this point.
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Table 4.7: Estimation Results for the Sales Equation

(1) (2) (3) (4) (5) (6) (7)
Dependent variable: ln(Sales)t Salest ln(Sales)t

Number
(OLS)

Value
(OLS)

Both
(OLS)

Additional
controls
(OLS)

Additional
controls
(Poisson)

Narrow
window
(OLS)

Narrow
window
(2SLS)

Number of R&D contracting of�ces t� 1 0.133 0.124 0.120 0.055 0.183 0.880
(0.005) (0.005) (0.005) (0.015) (0.066) (0.169)

Value of R&D contracts t� 1 0.024 0.011 0.014 -0.007 -0.026 -0.336
(0.006) (0.004) (0.005) (0.004) (0.034) (0.124)

Value of production contracts t� 1 0.001 0.001 0.040 0.038
(0.001) (0.000) (0.005) (0.005)

Value of grants t� 1 0.002 0.003 0.031 0.019
(0.001) (0.004) (0.016) (0.011)

Year FE Yes Yes Yes Yes Yes No No
Firm FE Yes Yes Yes Yes Yes No No
Industry-year FE No No No No No Yes Yes
Mean DV 2.90 2.90 2.90 2.35 2.35 2.65 2.65
Firms 102,930 102,930 102,930 91,682 91,684 6,146 6,146
Observations 780,774 780,774 780,774 630,250 630,285 31,947 31,947
Weak identi�cation (Kleibergen-Paap) 65.08
Adjusted/pseudo R-squared 0.92 0.91 0.92 0.93 0.87 0.09 0.00

Notes: This table presents the effect of experimentation on startup sales. The analysis samples in Columns 4 and 5 include only the years 2001-2019 when
grant data are available. Columns 6 and 7 are restricted to �rm-years between 2001 and 2019 with a headcount of up to 100 employees smaller or larger than
the applicable employee size standard. Standard errors (in parentheses) are robust to arbitrary heteroskedasticity and allow for serial correlation through
clustering by �rms (Columns 1-5) or industry-years (Columns 6 and 7).
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Value of private sales(i.e., total sales minus government sales) as the dependent variable,

as headcount relative to the government standard should have little direct e�ect on private-

sector sales. In unreported speci�cations, second-stage coe�cients on theNumber of R&D

contracting o�ces and Value of R&D contracts are similar to those reported in Column 7

(0.823 and -0.760, respectively). In summary, market experimentation through federal gov-

ernment R&D contracts increases startup employment and sales. However, it is important

to note that I do not observe the �rm's decision to bid on government R&D contracts. Con-

ditional on bidding, winning contracts from multiple distinct R&D o�ces boosts startup

growth. In contrast, doing more and more contract R&D work for the government decreases

startup growth. Next, I analyze the e�ect of experimentation on startup exit outcomes,

including IPO or M&A success.

4.7.2 Exit Equation

Table 4.8 presents the relationship between experimentation and startup exit outcomes.

I aggregate panel data at the �rm level and conduct cross-sectional analyses with establish-

ment year (cohort) and industry �xed e�ects. The dependent variables are three indicators:

Successful exit(1 if the startup went public or was acquired within ten years, 0 otherwise);

IPO exit (1 if the startup went public via IPO or reverse merger within ten years, 0 oth-

erwise); and M&A exit (1 if the startup experienced an acquisition, buyout, or merger

of equals within ten years, 0 otherwise). I report estimates from both OLS and logistic

regression. As independent and control variables, I use three indicators:Received R&D

contracts from 2+ o�ces (identi�es �rms that engaged in simultaneous market experimen-

tation at least once before their successful exit);Received R&D contracts (identi�es �rms

that engaged in technology experimentation at least once before their exit); andReceived

production contracts (identi�es �rms that won production contracts at least once before

their exit).

In most speci�cations, market experimentation is positively related to a successful exit,

while technology experimentation is negatively related. The odds ratios in Columns 2,
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Table 4.8: Estimation Results for the Exit Equation (Firm Level)
(1) (2) (3) (4) (5) (6)

Dependent variable: Successful exit IPO exit M&A exit

(OLS)
Odds ratio

(Logit) (OLS)
Odds ratio

(Logit) (OLS)
Odds ratio

(Logit)

Received R&D contr. from 2+ of�ces before exit 0.006 2.010 0.002 2.375 0.004 1.869
(0.002) (0.370) (0.001) (0.753) (0.001) (0.458)

Received R&D contracts before exit -0.012 0.182 -0.006 0.029 -0.007 0.292
(0.003) (0.056) (0.002) (0.020) (0.002) (0.085)

Received production contracts before exit -0.022 0.082 -0.010 0.018 -0.013 0.131
(0.005) (0.016) (0.002) (0.009) (0.003) (0.022)

Establishment year FE Yes Yes Yes Yes Yes Yes
Firm FE No No No No No No
Industry FE Yes Yes Yes Yes Yes Yes
Mean DV 0.0066 0.0076 0.0023 0.0032 0.0047 0.0056
Firms 106,303 92,540 106,319 77,047 106,305 89,525
Observations 106,303 92,540 106,319 77,047 106,305 89,525
Adjusted R-squared 0.02 . 0.01 . 0.02 .

Notes:This table presents the relationship between experimentation and startup exit outcomes. The unit of
analysis is a �rm. Successful exitis an indicator variable equal to 1 if the startup went public or was acquired,
and 0 otherwise. IPO exit is an indicator variable equal to 1 if the startup went public via IPO or reverse
merger, and 0 otherwise. M&A exit is an indicator variable equal to 1 if the startup experienced an acqui-
sition, buyout, or merger of equals, and 0 otherwise. Received R&D contracts from 2+ of�cesidenti�es �rms
that engaged in simultaneous market experimentation at least once before their exit. Received R&D contracts
identi�es �rms that engaged in technology experimentation at least once before their exit. Received production
contractsidenti�es �rms that won production contracts at least once before their exit. Standard errors (in
parentheses) are robust to arbitrary heteroskedasticity and allow for serial correlation through clustering by
NAICS6 industries.

4, and 6 indicate that startups working with two or more R&D contracting o�ces have

a 101% higher chance of a successful exit, driven by both IPO (138% higher) and M&A

(87% higher). In contrast, startups engaging in government R&D work have an 83% lower

chance of a successful exit, driven by lower chances of both IPO (98% lower) and M&A

(72% lower).

4.7.3 Heterogeneity Analyses

The positive relationship between market experimentation and startup performance ex-

tends across industries (see Appendix Table D.17), federal agencies (see Appendix Tables

D.18 and D.19), and di�erent types of R&D contracts (see Appendix Table D.20), in-

cluding those awarded without competition and those set aside for small or disadvantaged

businesses.
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4.7.3.1 Variation by Industry Uncertainty

Industries experience varying levels of market and technology uncertainty, which are

not captured by standard industry classi�cations like SIC or NAICS. Previous literature

suggests that biotech �rms face low market but high technology uncertainty, while ICT

�rms experience high market but low technology uncertainty (e.g., BCG, 2021; Kerr et al.,

2014). In Appendix Table D.21, I present results for two subsamples: (i) 1,353 pharma

startups and (ii) 18,775 ICT startups. Consistent with the idea that �rms operating under

higher market (technology) uncertainty have stronger incentives to experiment with markets

(technologies), the number of distinct R&D contracting o�ces is unrelated to headcount

and sales for pharma startups but positively related for ICT startups. Conversely, the

value of R&D contracts is positively related to headcount and sales for pharma startups

but unrelated for ICT startups.

Appendix Table D.22 presents the variation in the relationship between experimentation

and startup employment and sales, conditional on industry uncertainty. Deep tech is a

binary indicator equal to 1 if the startup was founded in an industry within the top tertile

of technology and market uncertainty, and 0 otherwise. The results suggest that deep

tech startups may bene�t from both market-based experimentation (though perhaps less

than other startups) and technology experimentation, re�ected in the positive interaction

between Deep techand the value of R&D contracts. While these patterns are consistent

across speci�cations, the interaction coe�cients remain imprecisely estimated.

These results highlight the heterogeneous impact of government R&D engagement across

industries and suggest that �rms tailor their experimentation strategies based on the dom-

inant source of uncertainty in their environment.

4.7.3.2 Variation by Firm Characteristics

Table 4.9 shows how the relationship between experimentation and startup performance

varies by �rm characteristics. In Columns 1, 3, 5, and 7, the variableLarge is an indica-

tor equal to 1 for �rm-years with above-median sales compared to other startups in the
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same SIC4 industry. The OLS and Poisson estimates suggest that market experimentation

bene�ts large startups but harms small ones (p-values < 0.01). This suggests that large

startups, with more resources, are better positioned to pursue multiple market opportunities

simultaneously, whereas small startups face higher costs of market experimentation.

In Columns 2, 4, 6, and 8,High growth is an indicator equal to 1 if the startup was

initially registered in Delaware and 0 otherwise. Registering in Delaware often signals a

desire for outside capital. The OLS and Poisson estimates suggest that market experimen-

tation bene�ts low-growth startups more than high-growth ones. To explore this further, I

report results with an interaction term measuring industry muni�cence in Appendix Table

D.23. Speci�cally, High VC industry is an indicator equal to 1 if the �rm's industry received

above-median VC funding that year, and 0 otherwise. The Poisson estimates suggest that

startups operating in more muni�cent environments bene�t less from market experimenta-

tion through government R&D contracts. This supports the idea that government funding

may be a second-best option for startups with ample access to private capital.

This �nding highlights a tradeo�: while innovating for the government provides non-

dilutive funding for joint testing of technical feasibility and commercial application, it also

diverts time and attention from private-market testing. For ambitious startups, time is

often the scarcest resource as patents expire and competing innovations emerge.

4.7.4 Potential Mechanisms

The SBIR literature examines two main mechanisms through which government R&D

contracts and grants can in�uence small �rm performance: certi�cation and funding. The

certi�cation mechanism suggests that receiving an SBIR award signals the �rm's quality to

investors (Lerner, 2000), while the funding mechanism posits that the award enables the

�rm to develop a prototype and de-risk the technology (Fini et al., 2023; Howell, 2017).

In this study, only the number of R&D contracting o�ces increases startup performance,

ruling out the funding mechanism.
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Table 4.9: Variation by Firm Characteristics
(1) (2) (3) (4) (5) (6) (7) (8)

Dependent variable: ln(Employees) t ln(Sales)t Employeest Salest

Firm
size

(OLS)

Firm
registration

(OLS)

Firm
size

(OLS)

Firm
registration

(OLS)

Firm
size

(Poisson)

Firm
registration
(Poisson)

Firm
size

(Poisson)

Firm
registration
(Poisson)

Number of R&D contr. of�ces t� 1 0.006 0.109 -0.014 0.123 -0.032 0.073 -0.105 0.059
(0.004) (0.005) (0.005) (0.006) (0.012) (0.017) (0.019) (0.016)

� Larget� 1 0.139 0.186 0.101 0.161
(0.007) (0.008) (0.015) (0.020)

� High growth -0.030 -0.030 -0.076 -0.064
(0.016) (0.017) (0.032) (0.034)

Value of R&D contracts t� 1 0.001 0.012 -0.002 0.014 0.010 -0.010 -0.005 -0.007
(0.003) (0.005) (0.005) (0.005) (0.010) (0.004) (0.016) (0.004)

� Larget� 1 0.008 0.014 -0.019 -0.002
(0.006) (0.007) (0.010) (0.016)

� High growth -0.008 -0.002 0.020 0.010
(0.008) (0.010) (0.009) (0.009)

Value of production contracts t� 1 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(0.000) (0.000) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000)

Value of grants t� 1 0.002 0.002 0.002 0.002 0.002 0.002 0.003 0.003
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.004) (0.004)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Mean DV 12.01 12.01 2.35 2.35 12.01 12.01 2.35 2.35
Firms 91,708 91,708 91,682 91,682 91,708 91,708 91,684 91,684
Observations 630,409 630,409 630,250 630,250 630,409 630,409 630,285 630,285
Adjusted/pseudo R-squared 0.89 0.89 0.93 0.93 0.88 0.88 0.87 0.87

Notes:This table presents the variation in the relationship between experimentation and startup employment and sales by �rm characteristics. Large�rm-years
have above-median sales compared to other startups operating in the same SIC4 industry. High growth is an indicator variable equal to 1 if the �rm initially
registered in Delaware, and 0 otherwise. The analysis samples in all columns include only the years 2001-2019 when grant data are available. Standard errors
(in parentheses) are robust to arbitrary heteroskedasticity and allow for serial correlation through clustering by �rms.
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Market experimentation can impact startup performance through two non-mutually ex-

clusive mechanisms. First, winning R&D contracts from multiple o�ces may certify the

�rm's commercialization capabilities to investors and potential acquirers, leading to more

venture capital and a higher likelihood of M&A exit. Second, engaging with multiple of-

�ces may help �rms developcommercialization capabilities that extend beyond government

markets, potentially increasing sales in private-sector markets.

Table 4.10 tests these mechanisms. Columns 1-3 examine whether market experimen-

tation signals quality to VC investors. If so, the Number of R&D contracting o�ces should

be positively related to future venture capital raised. However, the number of R&D con-

tracting o�ces is not signi�cantly related to the likelihood of raising venture capital or the

amount raised.27 This suggests the certi�cation mechanism does not hold, at least with VC

investors.

Columns 4-7 test whether market experimentation builds commercialization capabili-

ties. If so, the Number of R&D contracting o�ces should be positively related to future

government and private sales. Indeed, the number of R&D contracting o�ces is positively

related with both future government sales (Columns 4 and 5) and future private sales

(Columns 6 and 7), supporting the commercialization capabilities mechanism.

Firms with strong commercialization capabilities can better translate innovations into

successful products. Appendix Table D.25 examines how experimentation relates to the

diversity of products sold to the government, measured by the number of distinct product

and service codes (PSC) linked to procurement contracts. The results show that the num-

ber of R&D contracting o�ces has a positive relationship, indicating that �rms engaged

in market experimentation diversify their o�erings to government agencies. Some �rms

might diversify due to agency-speci�c requirements rather than because they have stronger

commercialization capabilities. However, when coupled with the �nding that market ex-

perimentation increases private sales, this result suggests that engaging with multiple

27 If venture capital predicted the number of R&D contracting of�ces, it would suggest that VC investors
are steering startups toward public funding (Lerner, 2000). Fortunately, this is not the case, as shown in
Appendix Table D.24.
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Table 4.10: Experimentation, Venture Capital Raised, and Private Sales

(1) (2) (3) (4) (5) (6) (7)
Dependent variable: Raised any VCt Value of VC raised t Value of govt. salest Value of private salest

(Logit) (OLS) (Poisson) (OLS) (Poisson) (OLS) (Poisson)

Number of R&D contr. of�ces t� 1 0.069 0.017 0.068 0.544 0.049 0.393 0.036
(0.046) (0.012) (0.048) (0.272) (0.024) (0.230) (0.021)

Value of R&D contracts t� 1 -0.058 -0.009 -0.048 1.255 0.001 -0.014 -0.007
(0.028) (0.006) (0.025) (0.366) (0.004) (0.305) (0.009)

Value of production contracts t� 1 0.010 -0.000 -0.007 0.364 0.000 0.102 0.001
(0.021) (0.000) (0.017) (0.166) (0.000) (0.110) (0.000)

Value of grants t� 1 0.008 0.000 0.003 -0.011 -0.046 0.027 0.004
(0.013) (0.002) (0.017) (0.011) (0.046) (0.026) (0.004)

Year FE Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes
Mean DV 0.32 0.14 4.19 0.61 0.76 2.15 2.17
Firms 3,093 91,708 3,005 91,708 70,826 91,708 90,682
Observations 21,761 630,409 20,965 630,409 501,458 630,409 625,516
Adjusted/pseudo R-squared . 0.25 0.50 0.72 0.87 0.70 0.87

Notes:This table presents the relationship between experimentation and future venture capital raised, public sector sales, and private sector sales. Value of
government salesis the sum of R&D contracts and production contracts from the federal government. Value of private salesis total sales minus government sales.
The analysis sample includes only the years 2001-2019 when grant data are available. Standard errors (in parentheses) are robust to arbitrary heteroskedasticity
and allow for serial correlation through clustering by �rms (except in Column 1, where standard errors are calculated using bootstrapping).
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government agencies may help �rms re�ne their o�erings and expand into broader markets,

supporting the commercialization mechanism. In contrast, the value of R&D contracts

does not have a robust relationship with the number of distinct PSCs sold to the govern-

ment, suggesting that �rms focused on technology experimentation may specialize in fewer

products.

Appendix Table D.26 shows that the number of R&D contracting o�ces is positively

associated with the number of granted patents, as indicated by both the OLS and Poisson

estimates (Columns 1 and 2). Additionally, the value of R&D contracts is positively re-

lated to the number of NPL citations (Column 3), suggesting that larger R&D investments

might increase the impact of innovation. However, neither the number of R&D contracting

o�ces nor the value of R&D contracts signi�cantly increases the scope or generality of

patents (Columns 4 and 5). In fact, the number of R&D contracting o�ces is negatively

associated with patent generality. This could re�ect �rms focusing on more specialized or

niche applications rather than broadly applicable technologies. Alternatively, it may indi-

cate that government R&D contracts do not incentivize the development of general-purpose

technologies, providing additional indirect support for the commercialization mechanism.

4.7.5 Robustness Checks

The following robustness checks address alternative explanations for the results, such

as learning by doing, as well as concerns regarding the de�nition of startups, measures of

technology and market experimentation, and the assumed lag structure in the main models.

4.7.5.1 Alternative Explanation: Startups Are Learning by Doing

An alternative to purposeful experimentation is learning by doing (K. J. Arrow, 1962;

Pisano, 1994), where hands-on experience�rather than controlled testing�re�nes a startup's

technology-market �t. Engaging in activities like bidding on R&D contracts, negotiating

with government customers, and ful�lling contractual obligations, startups could allow star-

tups to improve their o�erings based on real-world experience.

To test this, I reran the OLS and Poisson analyses from Tables 4.6 and 4.7 using a
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measure of learning by doing: the stock of R&D contracts won. As shown in Appendix

Table D.27, the results do not support the learning-by-doing explanation. There is no

signi�cant relationship between the stock of R&D contracts and startup employment or

sales. Moreover, controlling for the stock of R&D contracts leaves the coe�cient estimates

for market and technology experimentation largely unchanged.

4.7.5.2 Alternative Explanation: Startups Are Developing General Purpose Technolo-
gies

Another explanation is that some startups are developinggeneral purpose technologies

(GPTs) with potential applications across many markets (Bresnahan & Trajtenberg, 1995).

In this scenario, the number of distinct R&D contracting o�ces re�ects the broad applica-

bility of the technology rather than the �rm's deliberate market experimentation.

To test this hypothesis, I reran the OLS and Poisson analyses from Tables 4.6 and 4.7

using two patent-based measures of a technology's GPT characteristics as interaction terms.

High generality tech is an indicator variable equal to 1 if the startup's earliest patents in-

cluded at least one above-median generality patent, and 0 otherwise.High scope techis

de�ned similarly, equaling 1 if at least one above-median scope patent was present, and 0

otherwise. As shown in Appendix Table D.28, the results do not support the GPT expla-

nation; the positive relationship between market experimentation and startup employment

and sales remains irrespective of the technology's GPT characteristics.

4.7.5.3 Alternative De�nitions of Startups

While most startups are small, with 90% having fewer than 20 employees at founding

Decker et al., 2014, my panel includes startups with up to 499 employees at founding.

To test the robustness of the �ndings, I reran the main OLS and Poisson analyses on

two subsamples: (i) startups with 1-49 employees at founding and (ii) startups with 1-10

employees at founding. The results remained largely unchanged (see Appendix Tables D.29

and D.30).

Although most startups fail quickly, with only 33.6% surviving at least ten years (U.S.
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Small Business Administration, 2021), my panel includes up to ten years of activity. To

check whether the �ndings are driven by more established startups, I reran the analyses

using only the �rst seven years of data. The results remained consistent (see Appendix

Table D.31).

4.7.5.4 Alternative Measures of Experimentation

I test three alternative measures of technology experimentation. First, I use the fourth

digit of the product or service code (PCS) in each government R&D contract to assess the

extent of technology experimentation. The Product and Service Codes Manual de�nes seven

R&D stages, from basic research to commercialization (see Appendix Table D.7). I classify

contracts for the �rst three stages (basic research, applied research and exploratory devel-

opment, and advanced development) as experimental.28 Contracts for the last four stages

(engineering development, operational systems development, management and support, and

commercialization) likely do not involve substantial technological experimentation. I split

R&D contract values accordingly. Second, I create an indicator variable for whether a

startup receives an R&D contract. Third, I count the number of R&D contracts awarded

to the startup.

Appendix Table D.32 reports the results. Splitting R&D contract values by stage does

not substantially change the results (Columns 1, 4, 7, and 10), nor does using the number

of R&D contracts won (Columns 3, 6, 9, and 12). However, the coe�cient for the indicator

variable Received an R&D contract is positive and signi�cant (Columns 2, 5, 8, and 11),

suggesting that engaging in government R&D work is important for startup performance,

even if the contract value or number of contracts won is not.

I also create three alternative measures for market experimentation. First, I use the

number of distinct agenciesawarding R&D contracts to the startup, a broader measure

that captures the heterogeneity of government demand. Second, I use an indicator variable

that equals 1 if the startup receives R&D contracts from two or more distinct contracting

28 I include stage 3, as it results in a proof of concept or prototype.
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o�ces, and 0 otherwise. Third, I assume that contracting o�ces purchasing from di�erent

industries provide diverse feedback on the applicability of a startup's technology across

private markets.To quantify this, I calculate the Her�ndahl-Hirschman Index (HHI) of

contracting o�ces' procurement portfolios across industries, measuring diversity as 1 -

HHI. 29

As shown in Appendix Table D.33, the results remained consistent. At the sample

means, the OLS coe�cient estimates in Columns 1 and 7 suggest that winning R&D con-

tracts from one additional agency is associated with a 14.1% increase in headcount and a

15.7% increase in sales. These estimates are higher than before, indicating that demand

heterogeneity is greater across agencies than within the same agency.

4.7.5.5 Longer Time Lags

The lag structure between receiving an R&D contract and �rm outcomes is unclear, as

the Federal Procurement Data System recordsobligations rather than outlays, and multi-

year projects may delay outlays. Even if R&D begins immediately, changes in headcount or

sales may lag. To ensure robustness, I reran the main analyses from Tables 4.6 and 4.7 with

longer lags. The results remained similar, as shown in Appendix Table D.34. The positive

relationship between the number of R&D contracting o�ces (market experimentation) and

�rm outcomes weakens slightly with two- and three-year lags, while the value of R&D

contracts (technology experimentation) shows no consistent, signi�cant relationship over

longer lags.

29 Suppose there are two startups (1 and 2), two contracting of�ces ( A and B), three NAICS4 industries
(a, b, and c), and one year of data. Suppose startup 1 received one R&D contract from of�ce A and one
R&D contract from of�ce B, while Startup 2 received three R&D contracts from of�ce A. Suppose of�ce A
procured $1 million in products and services from industry a and $2 million from industry b, while of�ce B
procured $2 million from industry a and $2 million from industry c. The Diversity of contracting of�ceswould
be 1� HHI = 1 � [(3/7 )2 + ( 2/7 )2 + ( 2/7 )2] = 0.6531 for startup 1 and 1� [(1/3 )2 + ( 2/3 )2] = 0.4445
for startup 2. This measure is consistent with the idea that startup 1 was exposed to a more diverse set of
government customers than startup 2.
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4.8 Conclusion

A survey of over 400 hard-tech startups identi�ed lengthy time-to-market (27%), high

capital intensity (25%), technology risk and complexity (17%), and yet-to-be-developed

commercial applications (14%) as key challenges (De la Tour et al., 2017). High-tech

startups often need substantial funding to develop newtechnologyto a point where it can

compete in a speci�c market (Malerba et al., 2007). However, attracting venture capital

is often di�cult. This paper proposes an alternative: using government R&D contracts as

platforms for experimentation.

The key insight is that market experimentation, rather than technology experimenta-

tion, drives �rm performance, particularly in increasing startup employment, sales, and

likelihood of exit via IPO or M&A. Heterogeneity analyses show that market experimen-

tation bene�ts low-growth startups more than high-growth ones. The �ndings suggest two

strategies for startup leaders: (i) diversify engagements with government contracting o�ces

to gain learning opportunities; and (ii) prioritize market experimentation over large R&D

budgets by testing technology in diverse market settings.

Previous research highlights the failure of governmental interventions to spur entrepreneur-

ship, often wasting billions due to poor design, misunderstanding of the entrepreneurial

process, and implementation issues (Lerner, 2009). This paper reveals a previously unex-

plored impact of government procurement on entrepreneurial growth. The government's

diverse demand for innovative products and services provides startups with opportunities

for market experimentation, fostering growth.

E�orts to cut costs by consolidating government procurement into fewer contracting

o�ces, while e�cient for the government, may hinder entrepreneurial growth. Federal

agencies have recently pooled spending to lower prices and reduce duplication and ad-

ministrative costs, using methods such as centralizing contracting decisions and �contract

vehicles� like the Multiple Award Schedule (MAS), multi-agency contracts (MACs), and

government-wide acquisition contracts (GWACs). For example, the value of MAS procure-
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ment increased from $33.16 billion in �scal year 2019 to $45.52 billion in �scal year 2023,

a 37% increase in four years.

This study suggests that cost/bene�t analyses of procurement consolidation should con-

sider the potential impact on the level and trajectory of market experimentation performed

in the U.S. economy. Future research should explore whether pooling federal procurement

limits the number and diversity of contracting o�ces, reducing opportunities for startups

to experiment with market applications.

This study has several limitations. It does not account for other forms of purposeful

experimentation, such as with entrepreneurial strategies or business models. Additionally,

it does not capture the �rm's decision to engage with the government, only the outcomes

of winning contracts and grants. Thus, it does not assess the impact of unsuccessful bids.

Furthermore, the estimated causal e�ects of market and technology experimentation re�ect

local average treatment e�ects among �rms that were induced to win R&D contracts from

additional o�ces by the employee size standard and secure larger R&D contracts by the

�use it or lose it� budget policy.

Future research can address these limitations while exploring how and where government

funding and procurement impact entrepreneurship. By leveraging data from the System for

Acquisition Management (SAM.gov), future studies can identify startup types that engage

in government procurement and win contracts. Studies comparing VC and government-

funded startups could reveal the relative contributions of private and public investments

in innovation. Additionally, using location data from the NETS HiTech dataset, future

studies can explore the geography of public procurement in innovative sectors, enhancing

our understanding of the government's role in the U.S. innovation ecosystem.
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5. Conclusions

This dissertation explores how government R&D contracts in�uence private-sector in-

vestment, �rm value, and entrepreneurial experimentation. Three related studies examine

the mechanisms through which procurement a�ects corporate and startup innovation.

5.1 Summary of Key Findings

Chapter 2 examines how government R&D contracts in�uence private-sector investment

in innovation. The analysis �nds evidence of a crowding-in e�ect: �rms awarded R&D con-

tracts invest more in upstream R&D beyond the contract's direct funding. This e�ect is

strongest when R&D and production contracts are bundled, as �rms co-invest to secure

long-term procurement opportunities. However, as procurement policies have increasingly

decoupled R&D from production, this e�ect has weakened, raising concerns about its im-

plications for long-term innovation.

Chapter 3 quanti�es the private value of government R&D contracts, showing that they

function as both direct funding and signals of future demand. Stock market reactions

indicate that investors value R&D contracts at 19 times their revenue potential. Large,

vertically integrated �rms derive even greater value, particularly when competitive R&D

contracts are bundled with noncompetitive production contracts. This underscores the

strategic advantage of integration in leveraging government procurement.

Chapter 4 examines how government R&D contracts facilitate startup experimentation

in high-tech sectors. Startups use these contracts to develop technologies and test markets,

though the bene�ts vary: large and low-growth startups gain the most. This suggests that

while procurement supports early-stage innovation, its impact is uneven across �rms.

Taken together, these studies demonstrate the complex role of government procurement

in American innovation. Government contracts do not merely fund R&D; they also shape

�rm incentives, in�uence industry structure, and create opportunities (and constraints)

for technology and market experimentation. Understanding these e�ects is important for

managers and policymakers alike.
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5.2 Theoretical Contributions

This dissertation makes several contributions to strategic management, innovation, and

entrepreneurship research.

First, it contributes to the innovation incentives literature by showing that large �rms

strategically co-invest in R&D when government contracts o�er long-term procurement

opportunities and by introducing the concept of guaranteed demand as a key mechanism.

Existing research has largely focused on supply-side policies such as tax incentives and

R&D grants. In contrast, this work focuses on the demand-side e�ects of procurement on

corporate R&D investment. This perspective is valuable given the large scale and broad

scope of government procurement spending.

Second, this research contributes to the literature on market-shaping policies by showing

how procurement acts as both a direct and indirect driver of innovation. The crowding-in

e�ect of government R&D contracts suggests that procurement policies can be designed to

maximize spillovers into private-sector innovation. However, the weakening of this e�ect

over time also suggests that policy changes�such as the decoupling of R&D and production

contracts�may have unintended consequences for innovation incentives.

Third, the �ndings on startups and experimentation contribute to theories of entrepre-

neurial learning. By demonstrating that startups use government contracts as platforms for

testing new technologies, this study adds to the growing literature on how �rms navigate

uncertainty. Importantly, the results show that government contracts do not bene�t all

startups equally�industry and �rm characteristics play a role in determining whether �rms

can successfully leverage government procurement for long-term growth.

Collectively, these contributions help re�ne our understanding of how government poli-

cies shape corporate strategy, industry dynamics, and technological advancement.

5.3 Managerial and Policy Implications

This dissertation o�ers key insights for business leaders and policymakers.

Government R&D contracts are strategic assets, not just funding sources. Investors
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assign high private value to these contracts, indicating their role in shaping �rm strategy.

High-tech �rms, in particular, should integrate government procurement into their long-

term planning rather than treating contracts as isolated funding opportunities.

Small �rms face structural disadvantages in procurement markets. Large, vertically in-

tegrated �rms bene�t disproportionately from government contracts. To compete, smaller

�rms should pursue strategic alliances, subcontracting arrangements, or niche markets

where procurement conditions are more favorable.

Startups should align their business models with procurement opportunities. Given

the heterogeneous e�ects of R&D contracts on startup performance, early-stage �rms must

evaluate whether government procurement �ts their long-term strategy. For some, procure-

ment serves as a valuable experimentation platform; for others, it may create delays and

dependencies that constrain �exibility.

Procurement policies should sustain private-sector co-investment. Chapter 2 shows

that �rms co-invest when R&D and production contracts are linked, but the weakening of

this e�ect raises concerns. Policymakers should explore ways to restore these incentives,

whether through mission-driven procurement programs or incentives that reward long-term

innovation commitments.

Startup-focused procurement programs should be re�ned. The results from Chapter 4

indicate that not all startups bene�t equally from government R&D contracts. Policymak-

ers should consider di�erentiating support mechanisms based on �rm characteristics. For

example, lower-growth startups appear to bene�t more from experimentation opportunities,

suggesting that tailored funding models could enhance the e�ectiveness of these programs.

5.4 Limitations and Future Research

Despite its contributions, this dissertation has limitations that future research should

address.

Selection bias in contract recipients. The three included studies focus on �rms that

secured government contracts, but �rms that applied and were unsuccessful remain under-
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studied. Future research should examine barriers to entry and selection e�ects in procure-

ment markets.

Heterogeneity in procurement policies. Di�erent agencies implement procurement dif-

ferently, yet this study primarily analyzes aggregate e�ects and trends. Future work should

investigate how agency-level variation in�uences �rm innovation and contracting outcomes.

Long-term e�ects remain unclear. This dissertation focuses on short- to medium-term

outcomes. Studying long-run impacts on �rm survival, scaling, and commercialization

would provide a fuller picture of procurement's role in innovation ecosystems.

Methodological extensions.Future research should employ experimental or quasi-exper-

imental designs to better isolate causal mechanisms and test alternative procurement poli-

cies.

In summary, this dissertation demonstrates the complex role of government procurement

in shaping innovation ecosystems. By acting as both a funder and market-shaper, the U.S.

government supports and incentivizes technological development. However, the design of

procurement regimes matters. Ensuring that procurement e�ectively balances competition

and incentives will be crucial for sustaining American technological leadership in the decades

ahead.
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Appendix A. Federal Procurement Background

Government procurement is the process by which government agencies buy goods and

services from the commercial sector through an advertised, competitive process. Its history

goes back as far as the Revolutionary War (Wittie, 2003). For example, the Continental

Congress passed a resolution on November 20, 1775, to appoint a committee responsible for

advertising, receiving proposals, and contracting rations for two new military battalions.

In modern times, the Armed Services Procurement Act of 1947 and the Federal Property

and Administrative Services Act of 1949 provided comprehensive legislative frameworks for

defense and civilian procurement, respectively. Also noteworthy was the Competition in

Contracting Act of 1984, which established �full and open competition� as the standard for

federal procurement contracts.

1.1 Procurement Process

The U.S. government is composed of three distinct branches�legislative, executive,

and judicial�whose powers and duties are executed through 15 cabinet-level executive

departments (Agriculture, Commerce, Defense, Education, Energy, Health and Human

Services, Homeland Security, Housing and Urban Development, Interior, Justice, Labor,

State, Transportation, Treasury, and Veterans A�airs) and hundreds of independent agen-

cies, government corporations, commissions, and committees. For simplicity, we refer to all

these organizations as federal agencies.

The U.S. government's procurement process typically involves several steps (Congres-

sional Research Service, 2023). During therequirement determination step, acquisition

professionals determine a federal agency's requirements for goods and services and the

most appropriate method for purchasing them (CRS2021). Next is the solicitation step.

In general, solicitations for contracts above $25,000 are posted on the System for Award
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Management website, SAM.gov.1 In response, interested �rms prepare andsubmit o�ers.2

Agency personnel thenevaluate the o�ers using the source selection method and criteria

described in the solicitation, in accordance with the Federal Acquisition Regulation (FAR).3

The agencyawards a contract to a �rm only after determining that the company is respon-

sible, meaning it has adequate resources to perform the contract (�nancial, organizational,

technical skill, production facilities, etc.) as well as a satisfactory record of performance,

integrity, and business ethics. The next steps includecontract management(e.g., invoice

processing and payments, performance monitoring, and contract modi�cations), followed

by contract closeout.

1.2 Recent Policy Changes

During the Cold War (1948-1989), government procurement focused on achieving and

sustaining technological superiority for the purpose of national defense (Weiss, 2014). Fed-

eral agencies acquired products and services that met government requirements and speci�-

cations and were often unproven in commercial markets (Howell et al., 2021). In the case of

defense R&D, which represented the majority of R&D contracts, the DoD was often the sole

customer (D. C. Mowery, 2012). The government's acquisition procedures could be very

complex. R&D races were often used to develop new products at the technological leading

edge. Winners were rewarded with noncompetitive production contracts. This incentivized

�rms to perform upstream R&D and enabled contractors to mitigate the market risk of

performing scienti�c research that didn't yet have commercial applications.

The composition of procurement contracts began shifting toward commercial items and

dual-use technologies in the 1980s and accelerated in the 1990s. Numerous policy changes

1 Other procurement methods include using a government purchase card (i.e., a credit card), placing a task
or delivery order against an existing contract, or ordering from a GSA schedule. For R&D contracting, �rms
can also submit unsolicited proposals or compete in government-sponsored challenges and prize competi-
tions.

2 Firms can also participate in government procurement by serving as subcontractors to “prime” contractors.

3 Almost all federal contracting is governed by the FAR, which consists of Parts 1-53 of Title 48 of the Code
of Federal Regulations. The two primary methods of source selection are sealed bidding and negotiated
contracting. The latter is typically used for R&D contracts.
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were made in response to the end of the Cold War, increased global trade, constrained de-

fense budgets, and the need to attract nontraditional, innovative suppliers from the much

larger commercial markets, especially those in the growing IT sector (Weiss, 2014). Speci�-

cally, the U.S. government implemented sweeping patent and intellectual property reforms,

acquisition reforms, and organizational reforms. For example, the Bayh-Dole Act of 1980

and its extensions allowed contractors to retain ownership of inventions made with fed-

eral funding. The Stevenson-Wydler Technology Innovation Act of 1980 and its extensions

gave businesses access to technologies developed in federal laboratories. The Competition

in Contracting Act of 1984 mandated that all procurement contracts be awarded based

on full and open competition unless regulatory or statutory exclusions were applied. The

Goldwater-Nichols Department of Defense (DoD) Reorganization Act of 1986 reworked

the military command structure and implemented shared procurement across the military

branches. The Defense Acquisition Workforce Improvement Act of 1990 established edu-

cation and training standards for government acquisition professionals. The organizational

reforms included the creation of new �hybrid� forms of public-private partnering (Weiss,

2014). One example is the SEMATECH industrial consortium, which was formed in 1987

with funding from the Defense Advanced Research Projects Agency (DARPA) and the

involvement of 14 American semiconductor manufacturers.

These policy changes culminated in the Federal Acquisition Streamlining Act of 1994,

which enabled simpli�ed acquisition procedures and established a statutory preference for

government procurement of commercial items. Procurement dollars were reallocatedaway

from mission-focused technologies that met government speci�cations andtoward dual-use

technologies that had both government and commercial potential. Driven by pressures to

reduce cost and increase e�ciency and transparency, the government began competing with

the commercial markets for technologies that already had proven commercial success.
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Appendix B. Supplementary Materials for Chapter 2
2.1 Conceptual Framework With Contractible Quality

When research quality is contractible, unbundling leads to the �rst best outcome because

the government can specify the prize as a function of the quality of the winning prototype.1

Letting qu = maxt q1, q2u, the government gives a prize ofP(qu) to the winning R&D �rm,

where the payo� depends on the quality of the winning proof-of-concept prototype. The

government's payo� is:

W = Equ [V (qu)] � C � P(qu) = Equ [V (qu)] � C � D � P(qu) (B.1)

Specifying the research prize as a function of quality induces additional research e�ort

from the R&D �rms, whose payo�s now depend not only on whether they win but also on

the quality they achieve. (Earlier, it only mattered whether the focal �rm's quality was

higher than that of the rival.) R&D �rm 1's expected payo�, for given levels of research

e�ort r1, r2, is the probability it wins times the expected quality if it wins, minus the cost

of e�ort.

This is more complicated to write. Recall that q1 = r1 + v1, where the cost of e�ort is

exp(r1) and v1 is a random variable with a distribution f (v).

P 1(r1, r2) =
» 8

�8

» 8

r2+ v2� r1

P(r1 + v1) f (v1)dv1 f (v2)dv2 � exp(r1) =
e1

e1 + e2
P(r1, r2) � ge1

(B.2)

Compared to the non-contractible quality case, the expected payo� is no longer �xed

but also a function of the e�ort levels, which is represented by the termP(r1, r2).

At a symmetric Nash Equilibrium, the �rst-order condition will satisfy:

(
e2

(e1 + e2)2 Pu � g)
Be1

Br1
+

e2

(e1 + e2)
BPu

Br1
= 0 (B.3)

1 As before, the government can extract any R&D rents through a �xed fee charged to both R&D �rms. To
keep things simple, we ignore this �xed fee because it does not affect research effort.
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Compared to the non-contractible quality case, the di�erence is the additional term

e2

(e1 + e2)
BP
Br1

. The �rst part is simply the probability of winning, while the second part is

the increase in expected payment due to higher research e�ort. The equilibrium level of

e�ort is higher and so is the equilibrium expected quality. Since the government can always

set P(qu) = Pu, it is always better o� when research quality is contractible.

Turning to the choice of bundling or unbundling, the government can set a bundled

price Pb(qu) = P(qu) + C, which will yield the same outcomes as in the non-contractible

quality case. Intuitively, the only reason to bundle is if the government can promise some of

the production rent D to the research winner. As we showed, this promise works only if the

R&D �rm does not enter the production auction unless it wins the research competition.

In turn, that requires that the production auction not be attractive for the losing R&D

�rm (as outlined in Equation 2.9).

2.2 Data Construction
2.2.1 Collecting Contracts

The General Services Administration (GSA) manages the Federal Procurement Data

System (FPDS), the central repository of information on U.S. government procurement

contracts. The FPDS contains detailed information on all contract transactions above the

micro-purchase threshold, which generally ranges from $2,000 to $25,000, depending on the

�scal year, type of award recipient, and place of performance.2 FPDS also maintains a list

of valid contracting o�ces, including their corresponding agencies.

The Federal Funding Accountability and Transparency Act of 2006 (FFATA) required

that federal contract, grant, loan, and other �nancial assistance awards of more than $25,000

be displayed on a publicly accessible website.3 In response, the U.S. Department of the

2 Other exceptions to the reporting rule include classi�ed contracts, as well as contracts that contain sensitive
information about recipients, locations, and operations. For obvious reasons, we cannot estimate the precise
value of these unreported contracts.

3 FFATA was amended by the Government Funding Transparency Act of 2008, which required prime con-
tractors to report details on their �rst-tier subcontractors and expanded with the Digital Accountability and
Transparency Act of 2014, which established government-wide �nancial data standards.
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Treasury developed USAspending.gov as the o�cial public source of federal government

contract data (pulled from FPDS) and grant, loan, and other �nancial assistance data

(reported to the Data Act Broker managed by the U.S. Department of the Treasury). The

�Custom Award Data� section of the USAspending.gov website allows the public to view

and download award transactions for �scal years starting in 2001.4 We used it to download

.csv �les containing transactions for all prime procurement contracts awarded by all federal

agencies in all locations during �scal years 2001-2021.5,6

We supplemented these data with historical contract transactions from SAM.gov, a

website managed by the GSA. The website allows the public to download FPDS award

transactions after creating user accounts. We used it to download .csv �les containing

prime award transactions for procurement contracts awarded by all federal agencies in all

locations during �scal years 1980-2000.

To identify the government entity that awarded each procurement contract, acquisition

professionals use a four-digit Awarding Agency ID.7 The FPDS provides a list of 6,725

contracting o�ces that were active and valid as of November 2, 2020. These o�ces are

grouped into 227 agencies that are subordinated to 99 �rst-level �departments.� We link

each Awarding Agency ID to the corresponding �rst-level department. Our resulting dataset

contains 81.9 million transactions for procurement contracts awarded during �scal years

1980-2021 by 72 di�erent federal agencies.8 As can be seen in Table B.1, 12% of the $12.5

4 An award usually is made up of a series of transactions, which include the initial award and any subse-
quent modi�cations, such as additions or continuations of funding and changes to the scope of work.

5 Award types include prime awards for contracts, contract inde�nite delivery vehicles (IDV), grants, direct
payments, loans, insurance, and other �nancial assistance.

6 An inde�nite delivery vehicle (IDV) is a type of contract in which the government agrees to buy a product
or service from a certain vendor for a certain quantity or time frame. The government does not obligate fund-
ing when the contract is signed but rather when a supply or service order is placed. Examples of IDVs include
blanket purchase agreements, government-wide acquisition contracts, and inde�nite delivery contracts.

7 The data also include information about the awarding department/of�ce and funding department/agen-
cy/of�ce. However, the procurement contracts are uniquely identi�ed—using the Procurement Instrument
Identi�er or PIID—at the awarding agency level. Therefore, we use the awarding agency as the primary data
element for classifying contracts by source.

8 Transactions where the Awarding Agency ID (i) was missing or (ii) did not match any of the active agencies
were grouped under the “Other” category. For example, the Tennessee Valley Authority is a wholly owned
government corporation; while it awarded procurement contracts during 1980-2015, it was not included in
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trillion in procurement contracts were for R&D services.

The federal government reportsobligations for procurement contracts, not actual out-

lays. An obligation is the government's promise to spend funds (immediately or later) as a

result of entering into a contract, so long as the agreed-upon actions take place. An outlay

takes place when those funds are actually paid out to the contractor (Datalab, 2018). If

the entire amount initially obligated is not used, the last modi�cation will display a nega-

tive dollar amount, called a deobligation. For example, if an initial contract award was for

$100,000 and an agency only used $90,000 of that initial obligation, the last transaction

associated with the award would display a deobligation of -$10,000 (Datalab, 2018). We use

deobligated dollars to test the e�ect of decoupling R&D races from production on project

implementation success.

2.2.2 Matching Contracts to Firms

We merged the contract data with the panel of U.S.-headquartered publicly traded

�rms from Arora, Belenzon, and Sheer, 2021a. We string-matched more than 1.7 million

contractor names (including recipients and their parent companies) against almost 60,000

�rm names (including ultimate owners and their subsidiaries).9 Speci�cally, we performed

vectoral decomposition of �rm names using �ve-character grams. Then, we applied Jaccard

similarity scoring. For each contractor, we retained the �ve best potential matches (in

decreasing order of similarity score, as long as the score was above 0.5) and completed a

four-step process to clean them.

Step 1. We removed unicode and special characters, as well as legal su�xes (e.g., inc,

corp, ltd) and conjunctions (e.g., and, on, at) from names, generating �core� versions of

contractor and �rm names. We reapplied the matching command to evaluate the quality

of the match between these �core� names. This time, we used bigrams in the vectoral

decomposition and dropped potential �core� matches that had a Jaccard similarity score

the November 2, 2020, list of active agencies.

9 We standardized recipient names using the same code used by Arora, Belenzon, and Sheer, 2021a to
identify the best possible matches to the panel of �rms.

168



Table B.1: Agencies That Awarded Contracts During 1980-2015

Federal agency
All contracts

($ mm)
Share R&D /
All contracts

Share matched
to �rm panel

Defense, Department of 8,620,931 13% 39%
Navy 2,578,562 14% 48%
Army 2,527,360 10% 30%
Air Force 2,108,680 21% 51%
Missile Defense Agency (MDA) 83,877 45% 83%
Defense Threat Reduction Agency 23,790 57% 27%
Defense Adv. Res. Proj. Agency (DARPA) 13,474 91% 18%
Other DoD 1,285,188 1% 18%

Energy, Department of 934,083 7% 16%
National Aeronautics and Space Admin. 489,770 41% 44%
General Services Administration 296,604 <1% 15%
Health and Human Services, Department of 271,731 19% 21%
Veterans Affairs, Department of 267,162 <1% 28%
Homeland Security, Department of 170,507 5% 22%
Transportation, Department of 130,350 13% 25%
Treasury, Department of the 128,931 1% 12%
Justice, Department of 128,083 2% 14%
State, Department of 112,697 1% 9%
Interior, Department of the 100,210 5% 9%
Agriculture, Department of 86,287 1% 14%
Agency for International Development 60,993 7% 7%
Commerce, Department of 55,144 5% 21%
Labor, Department of 49,664 1% 6%
Environmental Protection Agency 40,985 6% 9%
Education, Department of 36,067 7% 20%
Of�ce of Personnel Management 26,331 <1% 6%
Housing and Urban Development, Dept. of 24,862 4% 16%
Social Security Administration 20,104 <1% 31%
National Science Foundation 10,105 28% 27%
Smithsonian Institution 5,306 2% 3%
Nuclear Regulatory Commission 4,300 10% 16%
Securities and Exchange Commission 3,285 1% 15%
Pension Bene�t Guaranty Corporation 3,175 <1% 7%
National Archives and Records Admin. 2,954 <1% 19%
Small Business Administration 2,075 1% 13%
Peace Corps 1,892 14% 6%
United States Agency for Global Media, BBG 1,763 <1% 10%
Equal Employment Opportunity Commis-
sion

1,676 <1% 3%

Federal Communications Commission 1,257 1% 7%
Executive Of�ce of the President 1,175 1% 24%
Federal Trade Commission 822 1% 21%
Corp. for National and Community Service 788 3% 5%
Millennium Challenge Corporation 772 14% 3%

Notes:This table displays federal agencies that awarded procurement contracts during 1980-2015. Contracts
are de�ated using the GDP Implicit Price De�ator to re�ect millions of constant 2012 dollars (U.S. Bureau of
Economic Analysis, 2021).
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Table B.1: Agencies That Awarded Contracts During 1980-2015 (Continued)

Federal agency
All contracts

($ mm)
Share R&D /
All contracts

Share matched
to �rm panel

National Labor Relations Board 748 <1% 35%
Intl. Boundary and Water Commission 609 11% 4%
Commodity Futures Trading Commission 515 <1% 27%
Railroad Retirement Board 452 0% 14%
National Gallery of Art 394 38% 2%
Government Accountability Of�ce 382 10% 3%
Consumer Product Safety Commission 365 2% 8%
Court Services and Offender Supervision
Agency

346 8% 4%

J. F. Kennedy Center for the Performing Arts 248 0% 1%
Consumer Financial Protection Bureau 214 0% 7%
National Transportation Safety Board 128 1% 22%
U.S. Trade and Development Agency 125 54% 1%
Federal Election Commission 119 1% 7%
Export-Import Bank of the U.S. 109 2% 3%
International Trade Commission 108 <1% 13%
Overseas Private Investment Corporation 90 1% 5%
National Mediation Board 71 0% 4%
National Endowment for the Humanities 66 0% 10%
Merit Systems Protection Board 45 8% 4%
Defense Nuclear Facilities Safety Board 44 10% 2%
Federal Housing Finance Agency 29 0% 3%
National Endowment for the Arts 27 2% 15%
Selective Service System 25 0% 8%
The Institute of Museum and Library Serv. 17 0% 1%
Federal Maritime Commission 15 0% 25%
Federal Mediation and Conciliation Service 15 5% 7%
Armed Forces Retirement Home 14 0% 0%
Federal Labor Relations Authority 9 1% 6%
National Capital Planning Commission 8 2% 8%
Chemical Safety and Hazard Investigation
Board

7 0% 5%

Occupational Safety and Health Review
Commission

5 16% 4%

Committee for Purchase From People Who
Are Blind or Severely Disabled 4 0% 4%

Election Assistance Commission 2 24% 11%
Of�ce of Special Counsel 2 27% 20%
Library of Congress 2 0% 1%
American Battle Monuments Commission 0 0% 31%
Other 357,929 4% 9%

Total 12,456,132 12% 33%

Notes: This table displays federal agencies that awarded procurement contracts during 1980-2015. The
“Other” category identi�es contracts where the awarding federal agency is (i) not identi�ed in the FPDS data
or (ii) no longer active as of December 2020. Contracts are de�ated using the GDP Implicit Price De�ator to
re�ect millions of constant 2012 dollars (U.S. Bureau of Economic Analysis, 2021).
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below 0.65.

Step 2. We removed generic words from �rm names (e.g., terms describing an industry

or activity), generating �nongeneric� versions of contractor and �rm names. We reapplied

the matching command to evaluate the quality of the match between these �nongeneric�

names. We used bigrams in the vectoral decomposition and dropped potential �nongeneric�

matches that had a Jaccard similarity score below 0.65.

Step 3. We calculated the Levenshtein distance between �nongeneric� names and dropped

potential matches with an edit distance greater than 15. For each contractor, we retained

only the best potential match (in decreasing order of �core� and �nongeneric� similarity

scores).

Step 4. We manually cleaned potential matches that had similarity scores below 0.9,

discarding any obvious mismatches.

We obtained a dataset of 33,828 contractor names matched to 12,507 ultimate owner and

subsidiary names. Overall, we matched 33% of all procurement contracts awarded during

1980-2015 to our sample of publicly traded, R&D performing, U.S.-headquartered �rms.

We aggregated contracts by �rm-year, then allocated contracts matched to subsidiaries to

the appropriate ultimate owners using the dynamic match produced by Arora, Belenzon,

and Sheer, 2021a. In summary, we identi�ed 2,578 �rms (i.e., ultimate owners) that received

a total of $4.2 trillion in procurement contract obligations during 1980-2015.

2.2.3 Collecting Renowned Scientists' Biographies

American Men and Women of Science (AMWS) is a biographical directory of renowned

North American scientists in the physical, biological, and related sciences (including public

health science, engineering, mathematics, statistics, and computer science). Entries include

such information as the full name, �eld of specialty, education, professional experience,

memberships, research information, mailing address, fax number, and email address of

each entrant. Entrants are scientists who have made signi�cant contributions in their �elds,

meeting the following criteria:
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1. �Distinguished achievement, by reason of experience, training or accomplishment,

including contributions to literature, coupled with continuing activity in scienti�c

work; or

2. Research activity of high quality in science as evidenced by publication in reputable

scienti�c journals; or, for those whose work cannot be published due to governmental

or industrial security, research activity of high quality in science as evidenced by the

judgment of the individual's peers; or

3. Attainment of a position of substantial responsibility requiring scienti�c training and

experience.� (Nemeh, 2022, p. vii)

We acquired 17 electronic versions of the AMWS directory, covering editions published

from 2005 through 2021. Each edition included the most up-to-date information on living

scientists, as well as a reference to the most recent previous edition for deceased scien-

tists. We combined information on the 203,000 living scientists from the 2021 edition with

information on the 37,800 deceased scientists from the 2005-2020 editions.10

2.2.4 Matching Renowned Scientists to Firms

We matched the renowned scientists from AMWS with the panel of U.S.-headquartered

publicly traded �rms from Arora, Belenzon, and Sheer, 2021a in two stages. First, we orga-

nized the unstructured, paragraph-based AMWS data into a structured, tabular format. A

scientist's professional experience typically included multiple positions, where each position

was described using the job title, main organization, up to six sub-organizations, and years

of employment (e.g., �sr microbiologist, Lilly Res Labs, Eli Lilly & Co, 1971-1978�). We

leveraged the fact that semicolons typically separated positions to create separate entries

for each position held by a focal scientist. We cleaned these entries manually to address in-

stances of missing semicolons, incomplete years of employment, etc. This process identi�ed

approximately 1.3 million positions, corresponding to 240,800 scientists. After discarding

positions unique to academia (e.g., job titles containing prof, assistant professor, associate

10 We are indebted to Hansen Zhang, whose work was instrumental in collecting and matching AMWS data.

172



professor, editor, lecturer), we retained approximately 840,000 positions in 244,000 unique

organizations or sub-organizations.

Second, we string-matched the 244,000 unique organizations or sub-organizations with

the 60,000 �rm names in our panel (including both ultimate owners and their subsidiaries).

We calculated the Levenshtein distance between name strings using the Python package

TheFuzz. Potential matches with token set ratios below 90 (on a 0-100 scale) were discarded,

while the remaining matches were manually checked. We produced a dataset of 12,817

accurate employer organization-�rm name matches. These matches were used to identify

20,552 renowned scientists who worked for our panel of �rms, as well as their years of

employment.

2.3 Variable Construction

Table B.7 includes de�nitions and sources for the main variables used in our econometric

analyses. The steps used to split procurement contracts into various types (e.g., R&D vs.

production), assign contracts to industries, and create variables for several characteristics

of science are detailed below.

2.3.1 Contract Variables

The types and names of data �elds collected in the FPDS have changed over our sample

period. For example, prime award data include 169 variables for �scal years 1980-2000 and

282 variables for �scal years 2001-2021. To ensure the comparability of our analyses over

time, we manually mapped the variables obtained from SAM.gov against the corresponding

variables obtained from USAspending.gov. To do so, we used the Data Dictionary Crosswalk

available from USAspending.gov, as well as the FPDS-NG User's Manual (version 1.5,

issued in October 2020) and the FPDS-NG Data Element Dictionary (version 1.4, issued in

March 2020) available from FPDS.gov. Table B.2 displays the resulting crosswalk between

variables.

To describe the products and services acquired in each procurement award, agencies use

four-digit Product and Service Codes (PSC) that mirror the Federal Supply Classi�cation
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Table B.2: Variable Crosswalk
SAM.gov variable USAspending.gov variable Description

contractingagencyid awarding_sub_agency_code Awarding Agency ID
contractingagencyname awarding_sub_agency_name Awarding Agency Name
contractingof�ceid awarding_of�ce_code Awarding Of�ce ID
contractingof�cename awarding_of�ce_name Awarding Of�ce Name
fundingdepartmentid funding_agency_code Funding Department ID
fundingdepartmentname funding_agency_name Funding Department Name
fundingagencyid funding_sub_agency_code Funding Agency ID
fundingof�ceid funding_of�ce_code Funding Of�ce ID
piid award_id_piid PIID
transactionnumber transaction_number Transaction Number
modi�cationnumber modi�cation_number Modi�cation Number
reasonformodi�cation action_type_code Reason for Modi�cation
referencedidvpiid parent_award_id_piid Parent Award ID
datesigned action_date Date Signed/Action Date
actionobligation federal_action_obligation Action Obligation
baseandalloptionsvaluetotal contr base_and_all_options_value Base and All Options Value
baseandexercisedoptionsvalue base_and_exercised_options_value Base and Exercised Options Value
vendorname recipient_name Recipient Name
dunsnumber recipient_duns Recipient DUNS
globalvendorname recipient_parent_name Recipient Parent Name
globaldunsnumber recipient_parent_duns Recipient Parent DUNS
naicscode naics_code NAICS Code
naicsdescription naics_description NAICS Description
periodofperformancestartdate period_of_performance_start_date Period of Performance Start Date
estultimatecompletiondate period_of_performance_potential_end Est. Ultimate Completion Date
lastdatetoorder ordering_period_end_date Last Date to Order
completiondate period_of_performance_current_end Completion Date
productorservicecode product_or_service_code Product or Service Code
descriptionofrequirement award_description Description of Requirement
awardtype award_type_code Award Type
typeofcontract type_of_contract_pricing_code Type of Contract
commercialitemacquisitionprocedu commercial_item_acquisition_proc Commercial Item Acquisition

Procedures
extentcompeted extent_competed_code Extent Competed
otherthanfullandopencompetition other_than_full_and_open_competition Other Than Full and Open

Competition
domesticorforeignentity domestic_or_foreign_entity_code Domestic or Foreign Entity
evaluatedpreference evaluated_preference_code Evaluated Preference
fairopportunitylimitedsources fair_opportunity_limited_sources Fair Opportunity/Limited

Sources
foreignfunding foreign_funding Foreign Funding
inherentlygovernmentalfunction inherently_governmental_function Inherently Governmental

Function
isperformancebasedserviceacquisi performance_based_service_acquisition Performance-Based Service

Acquisition
localareasetaside local_area_set_aside_code Local Area Set Aside
numberofactions number_of_actions Number of Actions
samexceptiontype sam_exception SAM Exception Type
solicitationprocedures solicitation_procedures_code Solicitation Procedures
typeofsetaside type_of_set_aside Type of Set Aside
typeofsetasidesource type_of_set_aside_code Type of Set Aside Source

Notes:This table displays a crosswalk between contract variables available for 1980-2000 from SAM.gov and
variables available for 2001-2020 from USAspending.gov.
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(FSC) codes.11 As of March 2020, the PSC/FSC classi�cation consists of 78 product groups

(see Table B.3) and 24 service categories (see Table B.4). The product groups are further

subdivided into 645 classes, as de�ned in the FPDS Product and Service Codes Manual

(U.S. General Services Administration, 2021b).

We link the PSC/FSC classi�cation to NAICS industries using the crosswalk from the

U.S. Defense Logistics Agency (U.S. Defense Logistics Agency, 2020) and then link NAICS

industries to SIC industries using the concordances available from the U.S. Census Bureau

(U.S. Census Bureau, 2019). This allows us to identify the SIC4 industry for 68% of

procurement contract dollars awarded between 1980 and 2015.

We use theProduct or service code�eld to categorize contracts as either R&D contracts

(service codes starting with the letter A) or production contracts (service codes starting with

letters B through Z and product codes starting with any number).12 In the procurement

contract data, codes for R&D services are composed of two alphabetic and two numeric

digits:

• 1st digit: always the letter A to identify R&D services,

• 2nd digit: alphabetic A to Z to identify the major category,

• 3rd digit: numeric 1 to 9 to identify a subdivision of the major category, and

• 4th digit: numeric 1 to 7 to identify the appropriate stage of R&D:

1. Basic research,

2. Applied research and exploratory development,

3. Advanced development,

4. Engineering development,

5. Operational systems development,

6. Management and support, and

7. Commercialization (U.S. General Services Administration, 2021b).

11 The FSC is a government-wide commodity classi�cation system designed for grouping, classifying, and
naming all personal property items.

12 When a contract transaction includes more than a single product or service, the awarding agency uses the
code corresponding to the predominant product or service.
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Table B.3: Classi�cation Codes for Products
Code Product group Code Product group

10 Weapons 53 Hardware and Abrasives
11 Nuclear Ordinance 54 Prefabricated Structures and Scaffolding
12 Fire Control Equipment 55 Lumber, Millwork, Plywood, and Veneer
13 Ammunition and Explosives 56 Construction and Building Materials
14 Guided Missiles 58 Communications, Detection and Coherent Radi-

ation Equipment
15 Aircraft and Airframe Structural Components 59 Electrical and Electronic Equipment Compo-

nents
16 Aerospace Craft Components and Accessories 60 Fiber Optics Materials and Components, Assem-

blies and Accessories
17 Aerospace Craft Launching, Landing, and

Ground Handling Equipment
61 Electric Wire, and Power and Distribution Equip-

ment
18 Space Vehicles 62 Lighting Fixtures and Lamps
19 Ships, Small Craft, Pontoons, and Floating Docks 63 Alarm, Signal and Security Detection Systems
20 Ship and Marine Equipment 65 Medical, Dental, and Veterinary Equipment and

Supplies
22 Railway Equipment 66 Instruments and Laboratory Equipment
23 Ground Effect Vehicles, Motor Vehicles, Trailers,

and Cycles
67 Photographic Equipment

24 Tractors 68 Chemicals and Chemical Products
25 Vehicular Equipment Components 69 Training Aids and Devices
26 Tires and Tubes 70 ADP Equipment Software, Supplies and Support

Equipment
28 Engines, Turbines, and Components 71 Furniture
29 Engine Accessories 72 Household and Commercial Furnishings and

Appliances
30 Mechanical Power Transmission Equipment 73 Food Preparation and Serving Equipment
31 Bearings 74 Of�ce Machines
32 Woodworking Machinery and Equipment 75 Of�ce Supplies and Devices
34 Metalworking Machinery 76 Books, Maps, and Other Publications
35 Service and Trade Equipment 77 Musical Instruments, Phonographs, and Home

Radios
36 Special Industry Machinery 78 Recreational and Athletic Equipment
37 Agricultural Machinery and Equipment 79 Cleaning Equipment and Supplies
38 Construction, Mining, Excavating, and Highway

Maintenance Equipment
80 Brushes, Paints, Sealers, and Adhesives

39 Materials Handling Equipment 81 Containers, Packaging, and Packing Supplies
40 Rope, Cable, Chain, and Fittings 83 Textiles, Leather, Furs, Apparel and Shoes, Tents,

Flags
41 Refrigeration, Air Conditioning and Air Circulat-

ing Equipment
84 Clothing, Individual Equipment, and Insignia

42 Fire Fighting, Rescue, and Safety Equipment 85 Toiletries
43 Pumps and Compressors 87 Agricultural Supplies
44 Furnace, Steam Plant, and Drying Equip, Nu-

clear Reactors
88 Live Animals

45 Plumbing, Heating and Sanitation Equipment 89 Subsistence (Food)
46 Water Puri�cation and Sewage Treatment Equip-

ment
91 Fuels, Lubricants, Oils, and Waxes

47 Pipe, Tubing, Hose, and Fittings 93 Nonmetallic Fabricated Materials
48 Valves 94 Nonmetallic Crude Materials
49 Maintenance and Repair Shop Equipment 95 Metal Bars, Sheets, and Shapes
51 Hand Tools 96 Ores, Minerals, and Their Primary Products
52 Measuring Tools 99 Miscellaneous

Notes: This table displays the 78 high-level groups used to classify the products purchased by the federal
government (U.S. General Services Administration, 2021b). Groups 21, 27, 33, 50, 57, 64, 82, 86, 90, 92, 97,
and 98 are unassigned.
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Table B.4: Classi�cation Codes for Services
Code Service category Code Service category

A Research and development N Installation of equipment
B Special studies and analyses – not R&D P Salvage services
C Architect and engineering services – construction Q Medical services
D Automatic data processing and telecommunica-

tion services
R Professional, administrative and management

support services
E Purchase of structures and facilities S Utilities and housekeeping services
F Natural resources and conservation services T Photographic, mapping, printing, and publica-

tions services
G Social services U Education and training services
H Quality control, testing, and inspection services V Transportation, travel and relocation services
I Maintenance, repair and rebuilding of equipment W Lease or rental of equipment
K Modi�cation of equipment X Lease or rental of facilities
L Technical representative services Y Construction of structures and facilities
M Operation of government owned facility Z Maintenance, repair or alteration of real property

Notes:This table displays the 24 high-level categories used to classify the services purchased by the federal
government (U.S. General Services Administration, 2021b).

We use these patterns to categorize R&D contracts as either research contracts or develop-

ment contracts. Speci�cally, we code the �rst two stages of R&D (i.e., basic research and

applied research and exploratory development) as upstream R&D contracts, and the other

�ve stages as downstream R&D contracts.

We also use theProduct or service code�eld to categorize DoD contracts as either

military or nonmilitary based on (i) the Product and Service Codes Manual and (ii) the

Government-Wide Category Management Taxonomy. First, the Product and Service Codes

Manual classi�es R&D services into the 20 subcategories included in Table B.5. Correspond-

ingly, we categorize an R&D contract from the DoD asmilitary if its PSC code belongs to

subcategory AC (R&D- Defense systems) or AD (R&D- Defense other), and asnonmilitary

otherwise.13 Second, the Government-Wide Category Management Taxonomy classi�es

production contracts into the 10 �common spend� categories and the eight �defense-centric

spend� categories included in Table B.6.14 Accordingly, we categorize a production contract

from the DoD as military if its PSC code belongs to a defense-centric spend category and

13 All contracts awarded by other agencies than the DoD are nonmilitary by de�nition.

14 Category management is the practice of buying common products and services as a uni�ed federal
government enterprise to eliminate redundancies and improve the ef�ciency and effectiveness of ac-
quisition activities. The Government-Wide Category Management Taxonomy was downloaded from
https://hallways.cap.gsa.gov/app//gateway/category-management/8825/government-wide-category-
taxonomy on September 22, 2022.
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Table B.5: Classi�cation Codes for R&D Services
Code Subcategory Code Subcategory

AA R&D- Agriculture AL R&D- Income security
AB R&D- Community service/development AM R&D- International affairs and cooperation
AC R&D- Defense systems AN R&D- Medical
AD R&D- Defense other AP R&D- Natural resource
AE R&D- Economic growth AQ R&D- Social services
AF R&D- Education AR R&D- Space
AG R&D- Energy AS R&D- Modal transportation
AH R&D- Environmental protection AT R&D- Other transportation
AJ R&D- General science/technology AV R&D- Mining
AK R&D- Housing AZ R&D- Other research and development

Notes:This table displays the 20 sub-categories used to classify the R&D services purchased by the federal
government (U.S. General Services Administration, 2021b).

as nonmilitary otherwise.

We use the Commercial items acquisition procedures�eld to categorize production

contracts into either commercial contracts or noncommercial contracts.15 Contracts were

awarded using commercial item procedures only after the passage of the Federal Acquisition

Streamlining Act of 1994. Therefore, our data separating commercial vs. noncommercial

production contracts only span �scal years 1995-2015. While some R&D service contracts

were awarded using streamlined commercial item procedures, they represent less than 1%

of the value of all R&D contracts awarded to sample �rms. Therefore, we do not break

down R&D contracts into commercial vs. noncommercial R&D contracts.

We use theExtent competed�eld to distinguish contracts that were awarded competi-

tively from those awarded noncompetitively. In general, federal agencies are required to use

full and open competition when awarding procurement contracts. Competitive procedures

include sealed bids, competitive proposals, or a combination of competitive procedures.

However, the Competition in Contracting Act of 1984 authorized noncompetitive contract-

ing under certain conditions.16

15 This �eld indicates whether the solicitation used the special requirements for the acquisition of commer-
cial items, supplies, or services. Those requirements are intended to more closely resemble the commercial
markets as de�ned by the Federal Acquisition Regulation Part 12.

16 There are seven exceptions to full and open competition: (i) only one responsible source and no other sup-
plies or services will satisfy agency requirements; (ii) unusual and compelling urgency; (iii) industrial mobi-
lization; engineering, developmental, or research capability; or expert services; (iv) international agreement;
(v) authorized or required by statute; (vi) national security; and (vii) public interest (Federal Acquisition
Regulation, 2019).
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Table B.6: Government-Wide Category Management Taxonomy
Type of spend Category PSC example

Common spend Facilities and construction 3710 Soil preparation equipment
Human capital U001 Education/training- Lectures
Industrial products and services 3010 Torque converters and speed changers
Information technology 5820 Radio and television communication

equipment, except airborne
Medical 6505 Drugs and biologicals
Of�ce management 3610 Printing, duplicating, and bookbind-

ing equipment
Professional services B502 Special studies/analysis- Air quality
Security and protection 5660 Fencing, fences, gates and components
Transportation and logistical services 2210 Locomotives
Travel V302 Transportation/ travel/ relocation-

Relocation: travel agent

Defense-centric
spend

Aircraft, ships/submarines, and land vehi-
cles

1510 Aircraft, �xed wing

Clothing, textiles, and subsistence services
and equipment

8970 Composite food packages

Electronic and communication equipment 5825 Radio navigation equipment, except
airborne

Electronic and communication services H158 Quality control- Communication, de-
tection, and coherent radiation equipment

Equipment related services H110 Quality control- weapons
Miscellaneous services and equipment H176 Quality control- Books, maps, and

other publications
Sustainment services and equipment 1550 Unmanned aircraft
Weapons and ammunition 1015 Guns, 75mm through 125mm

Notes:This table displays the common spendand defense-centric spendcategories included in the Government-
Wide Category Management Taxonomy (as of March 2020).

We use theAward description text �eld to correctly identify contractual deobligations.

Deobligations represent cancellations or downward adjustments of previously obligated

funds (e.g., due to default or closeout). Yet not all negative transactions are meaning-

ful deobligations; some are simply corrections of clerical errors. For example, an acquisition

professional may omit the decimal point when recording an obligation for $10 million, turn-

ing it into $1 billion. To correct this error, the professional would subsequently record a

deobligation for -$990 million and add a comment about it in theAward description �eld.

We identify all transactions described using the keywords �correct,� �error,� �mistake,� �in-

advertently,� or �accidentally� and exclude them from deobligation analyses.17

Table B.7 summarizes the main variables used in our econometric analyses.

17 The Award description�eld is consistently available for contract transactions made during 2001-2015, but
not during 1980-2000.
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Table B.7: Variable De�nitions
Variable De�nition Source

Publications Sum of scholarly, peer-reviewed publications that have at least one
author af�liated with the focal �rm and were published in the fo-
cal year. Appendix Section 2.3.2 details how we split the publica-
tion �ow into Internal usevs. No internal use(to capture the focal
�rm's own use of science), High rival usevs. Low rival use(to capture
product-market rivals' use of science), and High protection publica-
tions vs. Low protection publications(to capture the scope of protec-
tion offered by the focal �rm's own patents).

Clarivate Analytics'
Web of Science (Arora,
Belenzon, & Sheer,
2021a)

Publications
stock

Calculated using a perpetual inventory method with a 15% de-
preciation rate (Hall et al., 2005), such that the stock in year t is
Publications stockt = Publicationst + ( 1 � d)Publications stockt� 1,
where d = 0.15.

Renowned
scientists

Sum of renowned scientists employed by the focal �rm in the focal
year.

American Men &
Women of Science

Award-winning
renowned
scientists

Sum of award-winning renowned scientists employed by the focal
�rm in the focal year.

American Men &
Women of Science

Patents Sum of patents granted by the U.S. Patent and Trademark Of�ce to
the focal �rm in the focal year.

European Patent
Of�ce's PATSTAT
database (Arora,
Belenzon, & Sheer,
2021a)

All contracts Sum of all contract awards associated with a �rm-year ($ mm). USAspending.gov,
beta.SAM.gov

Deobligations Sum of all negative contract modi�cations associated with a �rm-
year ($ mm).

USAspending.gov,
beta.SAM.gov

R&D contracts Sum of R&D contract awards associated with a �rm-year ($ mm).
Non-R&D contracts Sum of non-R&D contract awards associated with a �rm-year ($

mm).
Commercial contracts Sum of commercial contract awards associated with a �rm-year ($

mm).
Noncommercial
contracts

Sum of noncommercial contract awards associated with a �rm-year
($ mm).

All grants Sum of all project grants and cooperative agreements associated
with a �rm-year ($ mm).

USAspending.gov

Time trend Focal year minus 1980 (in decennial units).
Sales Sales for the focal �rm-year ($ mm). Standard & Poor's

Compustat North
America (Arora,
Belenzon, & Sheer,
2021a)

R&D
expenditures

R&D expenditures for the focal �rm-year ($ mm). Standard & Poor's
Compustat North
America (Arora,
Belenzon, & Sheer,
2021a)

R&D stock Calculated using a perpetual inventory method with a 15% de-
preciation rate, such that the stock in year t is R& D stockt =
R& D expenditurest + ( 1 � d)R& D stockt� 1, where the focal �rm's
R& D expendituresin year t are based on Compustat data and
d = 0.15. Expressed in $ mm.

Standard & Poor's
Compustat North
America (Arora,
Belenzon, & Sheer,
2021a)

Industry R&D funding Calculated by multiplying the level of R&D contracts obligated to
the focal �rm's SIC3 industry (not including the contracts obligated
to the focal �rm that year) times the share of R&D contracts obli-
gated to the focal �rm's SIC4 industry (averaged over the sample
period of 1980-2015). Expressed in $ mm.

USAspending.gov,
beta.SAM.gov

Notes:This table displays de�nitions and sources for the variables used in our econometric analyses. Dollar
values are de�ated using the GDP Implicit Price De�ator to re�ect constant 2012 dollars (U.S. Bureau of
Economic Analysis, 2021).
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Table B.7: Variable De�nitions (Continued)
Variable De�nition Source

Agency R&D
budget

Calculated by replacing the level of R&D contracts obligated to
the focal �rm's SIC3 industry in the Industry R&D funding instru-
ment with

°
AgenciesR& D budgetAgency,t � ShareAgency,SIC3,t . Here,

R& D budgetAgency,t is the focal agency's R&D budget authority in
year t. ShareAgency,SIC3,t is calculated by dividing the total value of
R&D contracts awarded by the focal agency to �rm i's SIC3 indus-
try in year t by the total value of R&D contracts awarded by the
focal agency in year t. Expressed in $ mm.

USAspending.gov,
beta.SAM.gov,
American Association
for the Advancement of
Science

Windfall-
predicted R&D
budget

Calculated by replacing R& D budgetAgency,t in the Agency R&D bud-
getinstrument with Wind f all-predicted R& D budgetAgency,t , the pre-
dicted value of the focal agency's R&D budget authority in year t,
obtained after regressing the focal agency's R&D budget authority
on its total budget windfall. Expressed in $ mm.

USAspending.gov,
beta.SAM.gov,
American Association
for the Advancement of
Science, FRED

PSC R&D
funding

Calculated as
°

PSCsR& D contractsPSC,t � Sharei ,PSC. Here,
R& D contractsPSC,t is the total value of all R&D contracts awarded
by all federal agencies in the focal PSC in year t. Sharei ,PSC is calcu-
lated using an initial �ve-year period by dividing the total value of
R&D contracts for the focal PSC awarded to �rm i by the total value
of R&D contracts awarded to �rm i. Expressed in $ mm.

USAspending.gov,
beta.SAM.gov

Cold War shock Calculated using the difference in average contract values between
pre (1986-1988) and post (1990-1992) periods for each SIC4 industry,
weighted by the focal �rm's sales exposure to different SIC4 indus-
tries. Expressed in $ mm. The sales exposure is calculated as the
share of the focal �rm's sales during 1982-1985 that came from each
SIC4 industry.

USAspending.gov,
beta.SAM.gov,
Standard & Poor's
Compustat North
America

Global War on
Terrorism shock

Calculated using the difference in contract values between pre
(2000) and post (2004) periods for each SIC4 industry, weighted
by the focal �rm's sales exposure to different SIC4 industries. Ex-
pressed in $ mm. The sales exposure is calculated as the share of
the focal �rm's sales during 1994-1997 that came from each SIC4
industry.

USAspending.gov,
beta.SAM.gov,
Standard & Poor's
Compustat North
America

Financial Crisis
shock

Calculated using the difference in contract values between pre
(2007) and post (2008) periods for each SIC4 industry, weighted
by the focal �rm's sales exposure to different SIC4 industries. Ex-
pressed in $ mm. The sales exposure is calculated as the share of
the focal �rm's sales during 2000-2003 that came from each SIC4
industry.

USAspending.gov,
beta.SAM.gov,
Standard & Poor's
Compustat North
America

Notes:This table displays de�nitions and sources for the variables used in our econometric analyses. Dollar
values are de�ated using the GDP Implicit Price De�ator to re�ect constant 2012 dollars (U.S. Bureau of
Economic Analysis, 2021).
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2.3.2 Market Incentives Variables

We measure several characteristics of corporate science that allow us to estimate the

e�ect of procurement contracts on corporate R&D under di�erent private market conditions.

First, we split the annual publication �ow into (i) publications cited by the �rm's own

patents and (ii) publications not cited by the �rm's own patents. We use the non-patent

literature citations �le from Arora, Belenzon, and Sheer, 2021a to do so. The number

of unique publications that receive one or more citations from the �rm's own patents is

aggregated at the �rm-year level into the variable Internal use publications. The remaining

annual publication �ow is captured in the variable No internal use publications.

Second, we identify publications that are cited by one or more patents assigned to other

panel �rms. We split a �rm's annual publication �ow into (i) publications with low rival

use and (ii) publications with high rival use. To do so, we use a measure of the product-

market rivalry between the publishing �rm and the patenting �rms (up to three corporate

assignees per patent) sourced from Arora, Belenzon, and Sheer, 2021a. Product-market

rivalry is calculated as the Mahalanobis similarity of vectors representing the shares of

industry segment sales for each pair of �rms. A publication has high rival use if its highest

similarity score is in the top quartile of the distribution of similarity scores. The number

of unique publications that have high rival use is aggregated at the �rm-year level into the

variable High rival use publications. The remaining annual publication �ow is captured in

the variable Low rival use publications.

Third, we split the annual publication �ow into (i) publications that have low patent

protection and (ii) publications that have high patent protection. We use a measure of the

textual similarity between Web of Science publications (abstract and title) and USPTO

patents (claims) from Arora, Belenzon, Marx, and Shvadron, 2021. For each corporate

publication published between 1980 and 2015, we retain up to �ve of the most similar

granted patents. We identify which of those patents are owned by the publishing �rm and

retain the top matching publication-patent pair. Publications with proximity scores above
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the median (relative to the publication year) are coded as �protected� by a patent, while

those with scores below the median and those unmatched to �rm patents are coded as

�unprotected� by a patent.18 The number of unique publications that are �protected� by

the �rm's patents is aggregated at the �rm-year level into the variable High protection pub-

lications. The remaining annual publication �ow is captured in the variable Low protection

publications.

2.4 Additional Descriptive Statistics

Figure B.1 plots the four-�rm concentration (C4) ratio in company-funded R&D ex-

penditures over time (Panel A). To construct it, we �rst identi�ed the four �rms with the

largest R&D expenditures in our sample each year. These top four �rms accounted for

20-26% of total R&D expenditures made by sample �rms in the 1980s, but only 14-17% in

the 2010s. A downward trend in the concentration of R&D expenditures is clearly visible.

We used a similar procedure to plot the C4 ratio in government R&D contracts over

time (Panel B). The concentration of R&D contracts changed over time. The top four R&D

contractors accounted for 12-31% of all R&D contracts (awarded to any recipient) in the

1980s and 28-39% in the 2010s. A marked increase in concentration occurred between 1991

(C4 of 16.0%) and 1996 (C4 of 39.2%). During that post-Cold War period, the Depart-

ment of Defence encouraged consolidation among the top defense contractors.19 The trend

of increasing concentration reversed in 2006. Since then, the concentration in R&D con-

tracts has dropped 17 percentage points as federal agencies have increasingly implemented

competitive procurement.

18 Our choice of cutoff—the median publication-patent proximity score for all the publications published by
sample �rms in a given year—allows us to consider how the proximity between publications and patents
changes over time.

19 Two of the largest mergers included Northrop and Grumman in 1994 and Lockheed and Martin Marietta
in 1995 (Carril & Duggan, 2020).
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FIGURE B.1: Concentration Ratios in R&D Expenditures and R&D Contracts
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Table B.8: R&D Contractors vs. Other Firms
(1) (2) (3) (4) (5) (6)

Difference in means R&D contractors Other �rms

R&D contractors -
Other �rms t Mean Std. dev. Mean Std. dev.

Sales ($ mm) 5,100.56 46.68 6,080.6 21,176.0 980.0 4,562.3
R&D expenditures ($ mm) 234.21 46.91 267.9 934.7 33.7 129.4
R&D intensity -4.52 -3.43 1.3 29.6 5.9 174.0
Publications per $1 mm in R&D exp. 0.17 3.93 0.4 5.4 0.3 4.2
Patents per $1 mm in R&D exp. -0.65 -1.62 0.6 3.5 1.2 53.4
All grants ($ mm) 0.77 9.81 0.8 10.1 0.1 2.9

Notes:This table presents mean comparison tests between R&D contractors and other �rms in our sample.
R&D intensity is calculated as R&D expenditures divided by Sales. All grants are summarized for �scal years
2001-2015. The two-sample t-tests use unequal variances.

Table B.9: Correlations

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

(1) R&D expenditures 1.00
(2) Renowned scientists 0.49 1.00
(3) Publications 0.72 0.69 1.00
(4) Patents 0.63 0.40 0.58 1.00
(5) R&D contracts 0.11 0.13 0.11 0.10 1.00
(6) Sales 0.61 0.36 0.45 0.46 0.13 1.00
(7) R&D stock 0.95 0.48 0.71 0.66 0.11 0.61 1.00
(8) Industry R&D funding 0.04 0.03 0.02 0.02 0.13 0.05 0.04 1.00
(9) Agency R&D budget 0.05 0.04 0.02 0.02 0.20 0.06 0.05 0.98 1.00
(10) Windfall-predicted R&D budget 0.04 0.04 0.02 0.01 0.17 0.05 0.04 0.89 0.91 1.00
(11) PSC R&D funding 0.00 0.00 -0.00 0.08 0.14 0.00 0.01 0.11 0.12 0.11 1.00

Notes:This table displays pairwise Pearson correlations between the main variables included in the econo-
metric analyses. The construction of the instrumental variables (8-11) is described in Section 4.6.2 and Ap-
pendix 2.5.

Table B.8 presents mean comparison tests between R&D contractors and other �rms.

Table B.9 displays correlations between the main variables included in the econometric

analyses.

2.5 Instrumental Variable Estimation
2.5.1 Industry R&D Funding

Our �rst instrument exploits variation in aggregate industry R&D contracts to predict

R&D contracts awarded to a focal �rm. It is important to recognize that R&D contracts

awarded to a �rm's SIC4 industry may still be endogenous (e.g., when a �rm dominates its

SIC4 industry, it is possible that industry R&D contracts and �rm R&D activity respond
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to the same technology shocks). To mitigate this concern, we take advantage of changes

in R&D funding at a higher level of aggregation, the �rm's SIC3 industry. We �distribute�

these changes across SIC4 industries according to time-invariant industry shares, closely

following Moretti et al., 2021. Doing so lowers the power of our instrument in the �rst

stage, but increases its validity.

We construct our instrumental variable (IV) in three stages. First, we identify the SIC4

industry for each procurement contract awarded during 1980-2015 (not just those matched

to sample �rms). For transactions that do not list the recipient �rm's NAICS code, we

use the Product or service code(PSC) �eld and the PSC-to-NAICS crosswalk from the

U.S. Defense Logistics Agency to identify the NAICS code. Then, we use the NAICS-to-

SIC concordances available from the U.S. Census Bureau to identify the SIC4 code. We

aggregate all R&D contracts awarded to all �rms (not just our panel �rms) at the SIC4-year

and SIC3-year levels, respectively.

Second, we calculate the share of R&D contracts awarded to the SIC4 industry relative

to the R&D contracts awarded to the SIC3 industry that contains it. Speci�cally, we divide

the total value of R&D contracts awarded to the SIC4 industry during 1980-2015 by the

total value of R&D contracts awarded to the higher-level SIC3 industry during 1980-2015.

Third, we calculate the instrument as Industry R& D f undingi ,t = ( Industry R& D

contractsSIC3,t � Firm R& D contractsi ,t ) � Industry shareSIC4,SIC3. Industry R& D

contractsSIC3,t is the total value of all R&D contracts awarded by federal agencies to the

focal �rm's SIC3 industry in year t. Firm R& D contractsi ,t is the value R&D contracts

awarded to the focal �rm in year t. The reason for excluding �rm R&D contracts from the

construction of the IV is to avoid a mechanical correlation between the endogenous variable

we want to instrument and the instrument itself. Industry shareSIC4,SIC3 is calculated by

dividing the total value of R&D contracts awarded to the focal �rm's SIC4 industry during

1980-2015 by the total value of R&D contracts awarded to the focal �rm's higher-level SIC3

industry during 1980-2015. We use a time-invariant share because it allows us to smooth

out year-to-year variation in the R&D contracts awarded to the SIC4 industry.

186



Table B.10: Instrumental Variable Estimation (First Stage)

(1) (2) (3) (4)
ln(R&D contracts) t� 1

Industry
R&D

funding

Agency
R&D

budget

Windfall-
predicted

R&D budget

PSC
R&D

funding

ln(Industry R&D funding) t� 1 0.070
(0.007)

ln(Agency R&D budget) t� 1 0.067
(0.006)

ln(Windfall-predicted R&D budget) t� 1 0.067
(0.006)

ln(PSC R&D funding) t� 1 0.536
(0.268)

ln(R&D stock) t� 1 0.038 0.038 0.038 0.399
(0.028) (0.028) (0.028) (0.192)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes
Observations 49,702 49,732 49,745 10,711
F statistic 56 57 58 5
Adjusted R-squared 0.686 0.688 0.688 0.652

Notes:This table displays �rst-stage OLS regression results. Standard errors (in parentheses) are clustered at
the �rm level.

Take Boeing as an example. In 2012, Boeing's SIC3 industry (372 Aircraft and Parts)

received $13.7 billion in R&D contracts, including almost $3.6 billion for Boeing. Over the

sample period of 1980-2015, Boeing's SIC4 industry (3721 Aircraft) received 99% of the

R&D contracts awarded to its SIC3 industry (372 Aircraft and Parts). The instrument for

Boeing in 2012 was calculated as(13.7� 3.6) � .99 = 10 (in $ billions).

Using this industry R&D funding measure (rather than the total value of R&D contracts

awarded to the �rm's SIC4 industry in year t) strengthens the validity of our instrument

because it makes it less likely to be related to the focal �rm's idiosyncratic technological

opportunities.

2.5.2 First Stage Results

Table B.10 shows the �rst-stage results of the two-stage least squares (2SLS) instru-

mental variable estimations reported in this paper.
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Table B.11: R&D, Publications, and Patents Equations Using the Bartik Instrument
(1) (2) (3) (4) (5)

ln(R&D expenditures) t ln(Publications) t ln(Patents)t ln(PSC R&D funding) t + 4

IV:
PSC R&D
funding

IV:
PSC R&D
funding

IV:
PSC R&D
funding

OLS:
Pooled

OLS:
Within

industries

ln(R&D contracts) t� 1 0.050 0.210 0.110
(0.062) (0.105) (0.098)

ln(Sales)t� 2 0.510
(0.055)

ln(R&D stock) t� 1 0.211 0.348
(0.072) (0.064)

ln(R&D stock) t + 4 0.007 0.060
(0.030) (0.033)

ln(Sales)t + 4 0.026 0.006
(0.030) (0.030)

Firm �xed effects Yes Yes Yes No No
Year �xed effects Yes Yes Yes Yes Yes
Industry �xed effects No No No No Yes
Weak identif. (Kleibergen-Paap) 4.56 4.01 4.01
Firms/Industries 809 848 848 186 105
Observations 9,969 10,711 10,711 814 733
Adjusted R-squared 0.122 -2.112 -0.379 0.096 0.377

Notes: This table displays the effect of government R&D contracts on corporate R&D expenditures, pub-
lications, and patents using the Bartik instrument PSC R&D funding. Standard errors (in parentheses) are
clustered at the �rm level in Columns 1-3 and the SIC4 industry level in Columns 4 and 5.

2.5.3 Bartik Instrument Results

Table B.11 shows the 2SLS results for R&D expenditures, publications, and patents

when the endogenous R&D contracts are instrumented using the Bartik instrumentPSC

R&D funding (Columns 1-3).

Following Goldsmith-Pinkham et al., 2020, we explored the relationship between PSC

composition and �rm characteristics that may be correlated with demand or technology

shocks (Columns 4 and 5). Because the PSC shares were calculated over an initial �ve-year

period, [t , t + 4] for each R&D contractor, we regressed the Bartik instrument in yeart + 4

on our measures of �rm size that same year. Reassuringly, the initial period instrument

was not correlated with the covariates for �rm size, even after controlling for industry �xed

e�ects.
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2.5.4 Cold War Shock

An alternative instrument uses changes between the pre- and post-Soviet collapse peri-

ods in industry-level contracts to predict �rm-level R&D contracts during 1995-2015 (see

Figure B.2 for the associated timeline). Because this instrument does not vary within

�rms (i.e., there is only one change per �rm), we cannot use �rm �xed e�ects. In-

stead, we follow Blundell et al., 1999 and include the pre-sample mean of the depen-

dent variable as a separate control for time-invariant �rm heterogeneity. Many sample

�rms operate in multiple business segments, so they were a�ected by changes in procure-

ment contracts across multiple industries. To estimate the �average� shock experienced

by each �rm, we use the shares of �rm sales in each industry as weights. We build

Cold War shocki =
°

IndustriesDContractsSIC4 � Share o f salesi ,SIC4. Here, Cold War shocki

is the instrument for �rm i. DContractsSIC4 is the di�erence between the average con-

tracts awarded to the focal industry in the pre- (1986-1988) and post- (1990-1992) periods.

Share o f salesi ,SIC4 is the share of �rm i's sales during 1982-1985 in the focal industry,

calculated using the Compustat Segments dataset.20 We use a multi-year lag in calculat-

ing shares of sales to alleviate concerns that �rms might have anticipated the end of the

Cold War. Under that scenario, �rms might have entered industries where they anticipated

growing procurement and exited industries where they anticipated shrinking procurement.

Figure B.2 presents the timeline used for estimating theCold War shockinstrumental

variable. Figure B.3 and Table B.12 present comparisons of procurement contracts awarded

to various industries in 1988 and 1992.

20 For example, Komatsu Ltd. operated only in Construction Machinery and Equipment (SIC 3531) from
1982 to 1985, generating 100% of its sales in that industry. As a result, itsCold War shockcame entirely
from reallocations in contracts awarded to SIC 3531. Caterpillar Inc. generated 76% of its sales during 1982-
1985 in Construction Machinery and Equipment (SIC 3531), and 24% in Internal Combustion Engines, Not
Elsewhere Classi�ed (SIC 2519). As a result, 76% of this �rm's Cold War shockcame from reallocations in
contracts awarded to SIC 3531, and 24% from reallocations to SIC 2519.
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FIGURE B.2: Cold War Shock Timeline

FIGURE B.3: Procurement During and After the Cold War
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Table B.12: Procurement by SIC4 Industry Around the End of the Cold War
Rank SIC4 1988 Contracts

($ mm)
1992 Contracts
($ mm)

Industry description

1 7389 2,883 4,802 Business Services, Not Elsewhere Classi�ed
2 7373 2,838 4,611 Computer Integrated Systems Design
3 9661 233 1,732 Space Research and Technology
4 2111 191 1,437 Cigarettes
5 4813 402 1,382 Telephone Communications, Except Radiotele-

phone
6 3523 1,158 2,101 Farm Machinery and Equipment
7 4812 2,056 2,987 Radiotelephone Communications
8 2833 1,097 1,776 Medicinal Chemicals and Botanical Products
9 0131 2 560 Cotton
10 5047 218 755 Medical, Dental, and Hospital Equipment and Sup-

plies
... ... ... ... ...

765 3711 3,449 2,197 Motor Vehicles and Passenger Car Bodies
766 3669 5,082 3,670 Communications Equipment, Not Elsewhere Clas-

si�ed
767 3731 1,961 516 Ship Building and Repairing
768 1311 6,048 4,180 Crude Petroleum and Natural Gas
769 6794 2,065 185 Patent Owners and Lessors
770 3841 3,088 1,056 Surgical and Medical Instruments and Apparatus
771 3769 5,327 2,022 Guided Missile Space Vehicle Parts and Auxiliary

Equipment, Not Elsewhere Classi�ed
772 3442 5,031 1,672 Metal Doors, Sash, Frames, Molding, and Trim

Manufacturing
773 3812 7,991 3,328 Search, Detection, Navigation, Guidance, Aeronau-

tical, and Nautical Systems and Instruments
774 3721 65,740 39,099 Aircraft

Notes:This table displays the procurement contracts (in constant 2012 dollars) awarded by all federal agencies
in 1988 and 1992 to each SIC4 industry. Observations are sorted in descending order of the difference between
1992 and 1988.
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Table B.13: Distribution of Firms by SIC2 Industry
SIC2 code Number of �rms SIC2 code Number of �rms SIC2 code Number of �rms

28 796 32 29 14 5
36 680 49 27 21 5
38 672 22 26 60 4
73 567 27 23 63 4
35 540 51 21 10 3
37 145 29 21 75 3
34 101 59 15 12 3
30 79 01 14 76 3
87 70 65 13 61 3
48 67 79 13 42 2
20 64 23 10 45 2
39 60 24 9 54 2
99 59 17 8 72 2
33 58 16 8 47 2
26 50 78 8 07 2
67 46 31 7 64 2
13 46 62 6 44 1
50 34 82 6 02 1
25 31 15 6 70 1
80 30 58 5

Notes:This table displays the distribution of sample �rms by two-digit SIC code.

2.6 Industry Variation

Our sample is drawn from a wide distribution of industries (see Table B.13). The

classi�cation scheme used to group sample �rms into several main industries is presented in

Table B.14. Table B.15 presents descriptive statistics by main industry, while Table B.16

presents mean comparison tests between R&D contractors other �rms within the same main

industry.
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Table B.14: Classi�cation Into Main Industries
Main industry SIC2

code
Description

Chemicals 28 Firms producing basic chemicals (including acids, alkalies, salts, and
organic chemicals), chemical products used in manufacturing (includ-
ing synthetic �bers, plastics materials, dry colors, and pigments), or
�nished chemical products used for ultimate consumption (including
drugs, cosmetics, and soaps) or as supplies in other industries (includ-
ing paints, fertilizers, and explosives).

Electronics 35, 36 Firms manufacturing industrial and commercial machinery, equipment,
and computers (including engines and turbines; farm and garden ma-
chinery; construction, mining, and oil �eld machinery; elevators and
conveying equipment; hoists, cranes, monorails, and industrial trucks
and tractors; metalworking machinery; special industry machinery;
general industrial machinery; computer and peripheral equipment and
of�ce machinery; and refrigeration and service industry machinery), or
machinery, apparatus, and supplies for the generation, storage, trans-
mission, transformation, and utilization of electrical energy (includ-
ing electricity distribution equipment; electrical industrial apparatus;
household appliances; electrical lighting and wiring equipment; radio
and television receiving equipment; communications equipment; elec-
tronic components and accessories; and other electrical equipment and
supplies).

Instruments 38 Firms manufacturing instruments (including professional and scien-
ti�c) for measuring, testing, analyzing, and controlling, and their associ-
ated sensors and accessories; optical instruments and lenses; surveying
and drafting instruments; hydrological, hydrographic, meteorological,
and geophysical equipment; search, detection, navigation, and guid-
ance systems and equipment; surgical, medical, and dental instruments,
equipment, and supplies; ophthalmic goods; photographic equipment
and supplies; or watches and clocks.

Business services 73, 87 Firms providing business services (including advertising, credit report-
ing, collection of claims, mailing, reproduction, stenographic, news syn-
dicates, computer programming, photocopying, duplicating, data pro-
cessing, services to buildings, and help supply services), or engineering,
accounting, research, management, and related services (including en-
gineering, architectural, and surveying services; accounting, auditing,
and bookkeeping services; research, development, and testing services;
and management and public relations services).

Notes:This table displays the classi�cation scheme used to group sample �rms into several main industries.
Industries not speci�cally listed were classi�ed as “Others.”
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Table B.15: Descriptive Statistics by Main Industry

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Chemicals Electronics Instruments Business services Others

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
R&D expenditures ($ mm) 268 911 120 497 47 139 205 906 169 762
Renowned scientists 16 71 3 18 2 8 6 48 6 28
Publications 55 172 8 44 7 26 23 171 15 85
Patents 31 84 35 149 13 47 43 348 30 116
All contracts ($ mm) 13 99 21 198 119 1,065 31 204 245 1,962
R&D contracts ($ mm) 1 6 3 69 21 221 3 24 42 457
Production contracts ($ mm) 12 98 18 150 98 862 28 186 203 1,567
Commercial contracts ($ mm) 8 90 5 58 10 70 8 50 26 170
Noncommercial contracts ($ mm) 4 45 10 83 110 966 20 144 221 1,817
All grants ($ mm) 1 15 0 4 0 2 0 1 1 8
Sales ($ mm) 3,310 8,816 1,813 7,081 804 2,730 1,997 9,957 8,131 25,731
R&D stock ($ mm) 1,107 4,116 496 2,197 189 547 766 3,915 633 3,485

Notes:This table displays descriptive statistics over the sample period of 1980-2015 by main industry. The unit of analysis is a �rm-year. Statistics are only
provided for contractors. Grants and commercial contracts are only summarized for the years 2001-2015 and 1995-2015, respectively.
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Table B.16: R&D Contractors vs. Other Firms by Main Industry

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Chemicals Electronics Instruments Business services Others

Diff. t Diff. t Diff. t Diff. t Diff. t
R&D expenditures ($ mm) 367.738 25.53 170.475 24.2 69.774 25.6 324.651 15.6 309.939 26.9
Renowned scientists 23.423 21.26 4.947 20.5 3.235 19.8 12.495 12.2 11.603 31.5
R&D intensity (in $ mm) -21.101 -2.86 -0.373 -2.0 -0.063 -0.1 -3.016 -1.4 -0.482 -2.1
Publications per $1 mm in R&D exp. 0.173 1.55 0.339 5.0 -0.004 -0.0 0.106 0.5 0.105 2.5
Patents per $1 mm in R&D exp. -0.077 -0.42 -1.100 -0.8 -0.457 -3.0 0.028 0.4 -0.997 -4.0
All grants ($ mm) 1.036 3.29 0.602 6.7 0.389 7.6 0.205 5.5 1.408 8.4

Notes:This table displays mean comparison tests between R&D contractors and other �rms within the same main industry. R&D intensity is calculated as
R&D expenditures divided by Sales. Grants are only summarized for the years 2001-2015. The two-sample t-tests use unequal variances.
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Table B.17: Variation by Main Industry
(1) (2) (3) (4) (5) (6)

ln(Publications) ln(Patents)

OLS

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D budget OLS

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D budget

ln(R&D contracts) t� 3 0.011 0.139 0.128 0.010 -0.030 -0.028
(0.004) (0.048) (0.045) (0.004) (0.066) (0.062)

ln(R&D contracts) t� 3� [Chemicals = 1] -0.004 -0.048 -0.040 -0.005 -0.048 -0.053
(0.007) (0.039) (0.040) (0.006) (0.058) (0.058)

ln(R&D contracts) t� 3� [Electronics = 1] 0.001 -0.103 -0.093 0.002 0.026 0.026
(0.005) (0.053) (0.051) (0.006) (0.077) (0.073)

ln(R&D contracts) t� 3� [Instruments = 1] 0.005 -0.127 -0.117 0.007 0.024 0.023
(0.006) (0.056) (0.054) (0.007) (0.072) (0.069)

ln(R&D contracts) t� 3� [Business services = 1] -0.000 -0.133 -0.124 0.011 -0.081 -0.085
(0.009) (0.059) (0.058) (0.012) (0.088) (0.086)

ln(R&D stock) t� 3 0.131 0.114 0.114 0.252 0.241 0.241
(0.011) (0.011) (0.011) (0.015) (0.015) (0.015)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 3.68 3.97 3.68 3.97
Firms 3,631 3,584 3,587 3,631 3,584 3,587
Observations 43,883 41,093 41,130 43,883 41,093 41,130
Adjusted R-squared 0.873 -0.091 -0.074 0.847 0.033 0.031

Notes:This table presents the estimation results for the relationship of R&D contracts with publications and
patents by main industry. The excluded industry indicator variable is Other. Standard errors (in parentheses)
are clustered at the �rm level.

Table B.17 breaks the main results by industry. Columns 2 and 5 present 2SLS esti-

mates usingIndustry R&D funding and its interactions with industry indicator variables

as instrumental variables for R&D contracts and its interactions with industry indicator

variables. In Columns 3 and 6, we useWindfall-predicted R&D budget as the instrumen-

tal variable. The coe�cient estimates in Columns 2-3 suggest that the causal e�ect of

R&D contracts on publications is present across all industries. Conversely, we do not �nd

evidence in Columns 5-6 thatR&D contracts drive patents across a variety of industries.
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FIGURE B.4: Upstream R&D and Noncompetitive Production Contracts 21

2.7 Agency Variation

Federal agencies are heterogeneous in the size and composition of their procurement

contracts (Table B.18), their propensity to o�er noncompetitive production contracts (Fig-

ure B.4), as well as the characteristics of their contractors (Table B.19). Tables B.20 and

B.21 further show that the dollar values of R&D contracts from DoD, NASA, and DoT

are positively correlated (p-value < 0.001). Defense R&D contractors tend to also work for

NASA, as shown in Table B.22. In general, if a �rm is an R&D contractor for a non-DoD

agency, it is also a DoD R&D contractor.

21 This �gure presents the relationship between upstream R&D and noncompetitive production at the level
of agencies that awarded $100+ million in R&D contracts during 1980-2020.
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Table B.18: Contract Descriptive Statistics by Awarding Agency
(1) (2) (3) (4) (5) (6)

Distribution

No. of contracts Mean Std. dev. 10th 50th 90th
DoD

All contracts ($ mm) 3,634,276 0.9 43.3 0.0 0.0 0.4
R&D contracts ($ mm) 105,561 5.4 148.5 0.1 0.4 4.5
Production contracts ($ mm) 3,380,723 0.8 36.3 0.0 0.0 0.3
Noncompetitive production contracts ($ mm) 1,042,751 1.8 54.0 0.0 0.0 0.7

NASA
All contracts ($ mm) 55,368 3.9 158.5 0.0 0.1 1.0
R&D contracts ($ mm) 13,151 7.9 227.1 0.0 0.3 3.7
Production contracts ($ mm) 36,908 3.1 138.8 0.0 0.0 0.5
Noncompetitive production contracts ($ mm) 11,061 6.0 244.0 0.0 0.0 0.4

DoT
All contracts ($ mm) 18,416 1.7 30.6 0.0 0.1 1.0
R&D contracts ($ mm) 1,006 6.9 88.1 0.0 0.1 1.8
Production contracts ($ mm) 16,261 1.6 24.0 0.0 0.1 1.1
Noncompetitive production contracts ($ mm) 5,077 0.7 7.0 0.0 0.1 0.6

HHS
All contracts ($ mm) 91,355 0.6 19.6 0.0 0.0 0.1
R&D contracts ($ mm) 1,450 2.4 13.0 0.0 0.1 2.2
Production contracts ($ mm) 85,923 0.6 20.1 0.0 0.0 0.1
Noncompetitive production contracts ($ mm) 27,241 0.3 10.3 0.0 0.0 0.1

DoE
All contracts ($ mm) 11,718 12.7 504.7 0.0 0.0 0.9
R&D contracts ($ mm) 1,169 2.9 16.0 0.0 0.4 4.3
Production contracts ($ mm) 9,520 15.5 559.7 0.0 0.0 0.7
Noncompetitive production contracts ($ mm) 2,247 17.0 205.2 0.0 0.0 1.0

DHS
All contracts ($ mm) 49,443 0.7 14.1 0.0 0.0 0.4
R&D contracts ($ mm) 627 3.8 34.9 0.0 0.1 3.1
Production contracts ($ mm) 46,301 0.7 14.0 0.0 0.0 0.4
Noncompetitive production contracts ($ mm) 17,293 0.5 15.5 0.0 0.0 0.3

DoC
All contracts ($ mm) 30,539 0.4 10.3 0.0 0.0 0.2
R&D contracts ($ mm) 197 5.6 69.9 0.0 0.1 0.9
Production contracts ($ mm) 28,722 0.4 8.9 0.0 0.0 0.2
Noncompetitive production contracts ($ mm) 7,445 0.1 0.8 0.0 0.0 0.1

Other
All contracts ($ mm) 3,241,411 0.2 37.1 0.0 0.0 0.1
R&D contracts ($ mm) 21,532 5.7 178.9 0.0 0.2 2.8
Production contracts ($ mm) 3,060,248 0.2 35.1 0.0 0.0 0.1
Noncompetitive production contracts ($ mm) 692,341 0.2 33.2 0.0 0.0 0.0

Notes:This table displays contract-level descriptive statistics over the sample period of 1980-2015 by award-
ing agency. The unit of analysis is a contract.
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Table B.19: R&D Contractor Descriptive Statistics by Awarding Agency

(1) (2) (3) (4) (5) (6) (7) (8)
DoD NASA DoT HHS

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
R&D expenditures ($ mm) 282 949 431 1,238 825 1,724 483 1,219
Publications 33 139 54 176 84 238 82 240
Patents 64 253 105 365 187 517 102 378
All contracts ($ mm) 267 1,881 677 3,049 1,412 4,402 727 3,344
R&D contracts ($ mm) 45 434 121 711 257 1,038 125 772
Production contracts ($ mm) 221 1,505 555 2,430 1,155 3,498 602 2,668
Commercial contracts ($ mm) 26 160 53 186 111 262 71 280
Noncommercial contracts ($ mm) 219 1,649 586 2,741 1,229 3,937 595 2,837
All grants ($ mm) 1 12 2 9 3 12 2 8
Sales ($ mm) 5,818 18,192 9,527 25,967 18,171 36,339 9,165 21,700
R&D stock ($ mm) 1,195 4,413 1,983 6,218 3,611 8,564 2,055 5,674

Notes:This table displays contractor descriptive statistics over the sample period of 1980-2015 by awarding agency. The unit of analysis is a �rm-year. Statistics
are only provided for R&D contractors. Grants and commercial contracts are only summarized for the years 2001-2015 and 1994-2015, respectively.
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Table B.19: R&D Contractor Descriptive Statistics by Awarding Agency (Continued)

(9) (10) (11) (12) (13) (14) (15) (16)
DoE DHS DoC Other

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
R&D expenditures ($ mm) 614 1,546 609 1,329 668 1,266 435 1,198
Publications 69 181 80 246 108 280 51 167
Patents 109 219 177 534 200 563 98 322
All contracts ($ mm) 1,392 4,453 1,423 4,561 1,693 5,047 463 2,509
R&D contracts ($ mm) 261 1,048 244 1,063 307 1,185 79 580
Production contracts ($ mm) 1,131 3,540 1,179 3,631 1,386 4,016 384 2,004
Commercial contracts ($ mm) 103 263 125 356 120 288 49 218
Noncommercial contracts ($ mm) 1,347 4,182 1,191 3,893 1,414 4,424 377 2,187
All grants ($ mm) 5 29 3 11 4 13 2 14
Sales ($ mm) 15,824 33,920 16,088 31,201 13,911 25,057 10,888 30,211
R&D stock ($ mm) 2,799 7,827 2,583 6,210 2,962 6,125 1,838 5,660

Notes:This table displays contractor descriptive statistics over the sample period of 1980-2015 by awarding agency. The unit of analysis is a �rm-year. Statistics
are only provided for R&D contractors. Grants and commercial contracts are only summarized for the years 2001-2015 and 1994-2015, respectively.
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Table B.20: Correlations for R&D Contracts Received from Various Agencies

(1) (2) (3) (4) (5) (6) (7) (8)

(1) DoD R&D contracts 1.00
(2) NASA R&D contracts 0.26��� 1.00
(3) DoT R&D contracts 0.56��� 0.22��� 1.00
(4) HHS R&D contracts 0.07��� 0.02��� 0.02��� 1.00
(5) DoE R&D contracts 0.30��� 0.10��� 0.16��� 0.01�� 1.00
(6) DHS R&D contracts 0.12��� 0.04��� 0.01�� 0.00 0.00 1.00
(7) DoC R&D contracts 0.29��� 0.12��� 0.50��� 0.01�� 0.07��� 0.01� 1.00
(8) Other R&D contracts 0.25��� 0.06��� 0.09��� 0.03��� 0.10��� 0.01�� 0.02��� 1.00

Notes:This table displays pairwise Pearson correlations for R&D contracts received from various agencies. * p < 0.05 ** p < 0.01 *** p < 0.001

Table B.21: Correlations for Normalized R&D Contracts Received from Various Agencies

(1) (2) (3) (4) (5) (6) (7) (8)

(1) DoD R&D contracts 1.00
(2) NASA R&D contracts 0.05��� 1.00
(3) DoT R&D contracts 0.02��� 0.06��� 1.00
(4) HHS R&D contracts -0.00 -0.00 -0.00 1.00
(5) DoE R&D contracts 0.00 0.03��� -0.00 -0.00 1.00
(6) DHS R&D contracts 0.00 -0.00 0.00 -0.00 -0.00 1.00
(7) DoC R&D contracts 0.03��� 0.25��� 0.00 -0.00 -0.00 -0.00 1.00
(8) Other R&D contracts 0.04��� 0.01 0.01 -0.00 0.00 0.07��� 0.00 1.00

Notes: This table displays pairwise correlations for R&D contracts received from various agencies. To avoid spurious correlations due to �rm size, R&D
contract values have been normalized by sales. * p < 0.05 ** p < 0.01 *** p < 0.001
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Table B.22: R&D Contractors by Awarding Agency

Awarding
agency

R&D
contractors (1) (2) (3) (4) (5) (6) (7) (8)

(1) DoD 753 753 (100%) 214 (28%) 91 (12%) 105 (14%) 80 (11%) 77 (10%) 64 (8%) 239 (32%)
(2) NASA 243 214 (88%) 243 (100%) 61 (25%) 53 (22%) 58 (24%) 48 (20%) 43 (18%) 112 (46%)
(3) DoT 99 91 (92%) 61 (62%) 99 (100%) 36 (36%) 37 (37%) 36 (36%) 30 (30%) 66 (67%)
(4) HHS 204 105 (51%) 53 (26%) 36 (18%) 204 (100%) 30 (15%) 47 (23%) 35 (17%) 110 (54%)
(5) DoE 95 80 (84%) 58 (61%) 37 (39%) 30 (32%) 95 (100%) 23 (24%) 25 (26%) 64 (67%)
(6) DHS 90 77 (86%) 48 (53%) 36 (40%) 47 (52%) 23 (26%) 90 (100%) 26 (29%) 65 (72%)
(7) DoC 69 64 (93%) 43 (62%) 30 (43%) 35 (51%) 25 (36%) 26 (38%) 69 (100%) 51 (74%)
(8) Other 367 239 (65%) 112 (31%) 66 (18%) 110 (30%) 64 (17%) 65 (18%) 51 (14%) 367 (100%)

Notes:This table displays frequency counts and percentages of R&D contractors by awarding agency.
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One concern may be that a single agency could drive our results. For example, the DoD

accounts for 69% of all procurement contracts awarded between 1980 and 2015. Moreover,

the DoD may impose secrecy requirements that could a�ect patenting behavior, as well as

undermine our identi�cation strategy that treats the end of the Cold War as an exogenous

shock to sample �rms. As shown in Tables B.23, B.24, and B.25, our results are not driven

solely by DoD R&D contracts. Our results are also robust to excluding each of the other

main agencies.

Our conceptual framework predicts that the crowding-in e�ect should be stronger when

R&D projects are more upstream (resulting in more publications) and involve larger �rms

(which are more likely to be vertically integrated). As shown in Table B.18, R&D contrac-

tors for the DoD have the smallest average annual sales in our sample. Therefore, we expect

the crowding-in e�ect to be larger when R&D contracts from the DoD are excluded from

analyses. Indeed, the coe�cient estimates onNon-DoD R&D contracts are signi�cantly

larger in both the R&D expenditures equation and the publications equation.
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Table B.23: R&D Expenditures Equation Excluding Agencies
(1) (2) (3) (4) (5) (6) (7) (8) (9)

ln(R&D expenditures) t

Top 7
Agencies

Other
Agencies

Excl.
DoD

Excl.
NASA

Excl.
DoT

Excl.
HHS

Excl.
DoE

Excl.
DHS

Excl.
DoC

ln(Top 7 R&D contracts) t� 1 0.066
(0.025)

ln(Other R&D contracts) t� 1 0.429
(0.170)

ln(Non-DoD R&D contracts) t� 1 0.182
(0.074)

ln(Non-NASA R&D contracts) t� 1 0.066
(0.025)

ln(Non-DoT R&D contracts) t� 1 0.062
(0.024)

ln(Non-HHS R&D contracts) t� 1 0.070
(0.025)

ln(Non-DoE R&D contracts) t� 1 0.063
(0.024)

ln(Non-DHS R&D contracts) t� 1 0.062
(0.024)

ln(Non-DoC R&D contracts) t� 1 0.062
(0.024)

ln(Sales)t� 2 0.350 0.353 0.347 0.350 0.350 0.350 0.351 0.350 0.350
(0.016) (0.017) (0.017) (0.016) (0.016) (0.016) (0.016) (0.016) (0.016)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 92.40 26.28 40.62 96.22 100.42 93.94 99.76 99.92 99.84
Firms 3,771 3,778 3,775 3,773 3,771 3,772 3,771 3,771 3,771
Observations 40,484 40,725 40,573 40,508 40,477 40,496 40,488 40,477 40,473
Adjusted R-squared 0.116 -0.313 -0.031 0.115 0.118 0.111 0.117 0.118 0.118

Notes:This table presents the robustness of estimation results for the effect of R&D contracts on company-funded R&D expenditures to including or excluding
contracts from certain agencies. Columns 1-9 present the second stage of 2SLS, whereR&D contractsare instrumented using Industry R&D funding. Standard
errors (in parentheses) are clustered at the �rm level.
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Table B.24: Publications Equation Excluding Agencies
(1) (2) (3) (4) (5) (6) (7) (8) (9)

ln(Publications) t

Top 7
Agencies

Other
Agencies

Excl.
DoD

Excl.
NASA

Excl.
DoT

Excl.
HHS

Excl.
DoE

Excl.
DHS

Excl.
DoC

ln(Top 7 R&D contracts) t� 3 0.035
(0.019)

ln(Other R&D contracts) t� 3 0.296
(0.142)

ln(Non-DoD R&D contracts) t� 3 0.104
(0.052)

ln(Non-NASA R&D contracts) t� 3 0.037
(0.019)

ln(Non-DoT R&D contracts) t� 3 0.035
(0.018)

ln(Non-HHS R&D contracts) t� 3 0.037
(0.019)

ln(Non-DoE R&D contracts) t� 3 0.035
(0.018)

ln(Non-DHS R&D contracts) t� 3 0.034
(0.018)

ln(Non-DoC R&D contracts) t� 3 0.034
(0.018)

ln(R&D stock) t� 3 0.115 0.127 0.119 0.116 0.116 0.116 0.116 0.116 0.116
(0.010) (0.012) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 95.68 24.87 46.50 97.95 102.08 94.43 101.89 101.10 101.75
Firms 3,584 3,586 3,585 3,584 3,584 3,584 3,584 3,584 3,584
Observations 41,099 41,287 41,155 41,125 41,094 41,107 41,108 41,095 41,093
Adjusted R-squared 0.019 -0.387 -0.061 0.017 0.019 0.017 0.018 0.019 0.019

Notes:This table presents the robustness of estimation results for the effect of R&D contracts on corporate publications to including or excluding contracts
from certain agencies. Columns 1-9 present the second stage of 2SLS, whereR&D contractsare instrumented using Industry R&D funding. Standard errors (in
parentheses) are clustered at the �rm level.
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Table B.25: Patents Equation Excluding Agencies
(1) (2) (3) (4) (5) (6) (7) (8) (9)

ln(Patents)t
Top 7

Agencies
Other

Agencies
Excl.
DoD

Excl.
NASA

Excl.
DoT

Excl.
HHS

Excl.
DoE

Excl.
DHS

Excl.
DoC

ln(Top 7 R&D contracts) t� 3 -0.042
(0.024)

ln(Other R&D contracts) t� 3 -0.282
(0.180)

ln(Non-DoD R&D contracts) t� 3 -0.112
(0.068)

ln(Non-NASA R&D contracts) t� 3 -0.042
(0.024)

ln(Non-DoT R&D contracts) t� 3 -0.041
(0.023)

ln(Non-HHS R&D contracts) t� 3 -0.042
(0.024)

ln(Non-DoE R&D contracts) t� 3 -0.040
(0.023)

ln(Non-DHS R&D contracts) t� 3 -0.041
(0.023)

ln(Non-DoC R&D contracts) t� 3 -0.041
(0.023)

ln(R&D stock) t� 3 0.242 0.232 0.239 0.242 0.242 0.241 0.241 0.242 0.242
(0.015) (0.017) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 95.68 24.87 46.50 97.95 102.08 94.43 101.89 101.10 101.75
Firms 3,584 3,586 3,585 3,584 3,584 3,584 3,584 3,584 3,584
Observations 41,099 41,287 41,155 41,125 41,094 41,107 41,108 41,095 41,093
Adjusted R-squared 0.046 -0.206 -0.024 0.043 0.045 0.044 0.046 0.045 0.045

Notes:This table presents the robustness of estimation results for the effect of R&D contracts on corporate patents to including or excluding contracts from
certain agencies. Columns 1-9 present the second stage of 2SLS, whereR&D contractsare instrumented using Industry R&D funding. Standard errors (in
parentheses) are clustered at the �rm level.
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Table B.26: Other Measures of Publication Quality
(1) (2) (3) (4)

ln(Publications with AMWS collab.) t ln(Publications cited by AMWS) t

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

IV:
Industry

R&D
funding

IV:
Windfall-
predicted

R&D
budget

ln(R&D contracts) t� 3 0.035 0.033 0.059 0.056
(0.010) (0.010) (0.017) (0.016)

ln(R&D stock) t� 3 0.030 0.030 0.052 0.052
(0.007) (0.007) (0.010) (0.010)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 104.04 102.24 104.04
Firms 3,584 3,587 3,584 3,587
Observations 41,093 41,130 41,093 41,130
Adjusted R-squared -0.058 -0.052 -0.071 -0.063

Notes:This table presents 2SLS estimation results for the effect of R&D contracts on high-quality corporate
publications. R&D contractsare instrumented using Industry R&D funding or Windfall-predicted R&D budget,
as noted. Standard errors (in parentheses) are clustered at the �rm level.

2.8 Robustness Checks
2.8.1 Other Measures of Publication Quality

Table B.26 reports results for the e�ect of R&D contracts on corporate publications

authored by renowned scientists from the AMWS directory (whether employed by the �rm

or not, Columns 1 and 2) and corporate publications cited by renowned scientists from the

AMWS directory (whether authored by AMWS scientists or not, Columns 3 and 4).

2.8.2 Other Procurement Shocks

Table B.27 presents the robustness of the estimation results for the e�ect of R&D

contracts on publications using three alternative procurement shocks. We exploit theCold

War shock as a quasi-natural experiment for exogenous changes in government procurement

from various industries. In the �rst stage reported in Column 1, we predict R&D contracts

awarded to a focal �rm using our instrument and obtain an F statistic of 103. In the second

stage reported in Column 4, we regressPublications against the predicted R&D contracts.

Because this instrument does not vary over time, we report pooled estimates and rely on
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pre-sample information regarding R&D expenditures to replace the unobservable �rm �xed

e�ect (similar to Blundell et al., 1999). The coe�cient estimate indicates a positive causal

e�ect of R&D contracts on corporate publications (p-value < 0.01).

The estimate is substantially larger than the estimates from the other instrumental

variables for three reasons. The set of �rms di�ers across approaches.22 Our other instru-

ments may not fully resolve the downward bias in OLS because they rely on time-invariant

exposure shares that could still be correlated with �rm-speci�c, time-invariant heterogene-

ity. Alternatively, the Cold War instrument may not fully remove time-invariant �rm

heterogeneity using the pre-sample mean, making it even more sensitive to the temporal

reallocation of contracts away from innovating �rms.

Another way to mitigate the concern that the Cold War shock could su�er from endogene-

ity�if strategic defense investments such as the Star Wars program led to the collapse of

the Soviet Union�is to examine two alternative shocks. First, we use changes in pro-

curement that were triggered by the terrorist attacks of September 11, 2001. Government

procurement contracts were reallocated to support Operation Iraqi Freedom, Operation

Enduring Freedom, and other military campaigns that were part of the new Global War

on Terrorism. Second, we use changes in procurement that resulted from federal e�orts to

manage the �nancial crisis during the Great Recession of 2007-2008. Government procure-

ment contracts were reallocated to support the hard-hit auto and aircraft industries. Table

B.27 shows that the e�ect of R&D contracts on publications is robust to instrumenting

for the endogenous R&D contracts using either theGlobal War on Terrorism shock or the

Financial Crisis shock.23

22 The analysis sample in Column 4 is restricted to �rms for which we can calculate pre-sample mean publi-
cations during 1980-1988 and exposure to sales from various industries during 1982-1985. The actual regres-
sions use data for 1995-2015. The range in coef�cient estimates likely re�ects the changing composition of
our sample over a very long panel, with Cold War-era �rms being more likely than newer �rms to rely on (or
respond to) guaranteed demand.

23 Table B.27 uses the pre-sample mean publications calculated for the original Cold War shock (i.e., during
1980-1988), but results hold for alternative pre-sample periods, such as 1980-1990 or 1980-1995.
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Table B.27: Other Procurement Shocks
(1) (2) (3) (4) (5) (6)

ln(R&D contracts) t ln(Publications) t

OLS OLS OLS

IV:
Cold
War

shock

IV:
Global
War on

Terrorism shock

IV:
Financial

Crisis
shock

ln(R&D contracts) t� 3 0.386 0.438 0.079
(0.198) (0.131) (0.044)

ln(Cold War shock) 0.015
(0.007)

ln(Global War on Terrorism shock) 0.040
(0.012)

ln(Financial Crisis shock) 0.077
(0.015)

ln(Pre-sample mean publications) 1.038 2.060 2.119 0.568 0.036 0.727
(0.061) (0.096) (0.123) (0.208) (0.273) (0.098)

Sample years 2007-2015 2007-2015 2011-2015 1995-2015 2007-2015 2011-2015
Firm �xed effects No No No No No No
Year �xed effects Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 4.38 11.51 24.97
Observations 6,389 2,728 1,423 6,389 2,728 1,423
Adjusted R-squared 0.100 0.255 0.276 -0.301 -0.837 0.572

Notes:This table presents the robustness of estimation results for the effect of R&D contracts on publications
to using alternative procurement shocks. The Global War on Terrorism shockis calculated using the difference
in total contract values between pre- (2000) and post- (2004) periods for each SIC4 industry, weighted by
the focal �rm's sales exposure to different SIC4 industries during 1994-1997. The Financial Crisis shockis
calculated using the difference in total contract values between pre- (2007) and post- (2008) periods for each
SIC4 industry, weighted by the focal �rm's sales exposure to different SIC4 industries during 2000-2003. The
pre-sample mean publications are calculated using data from 1980-1988. Standard errors (in parentheses) are
robust to arbitrary heteroskedasticity.

2.8.3 Alternative Speci�cations

One concern may be that our choice of regression model (OLS) and data transformation

(taking the natural logarithm of publications or patents plus one) could be inappropriate,

given that Publications and Patents are over-dispersed count variables. Columns 1 and 4

in Table B.28 present estimations using Poisson pseudo-maximum likelihood regressions.

Consistent with our OLS results, we �nd that R&D contracts have positive relationships

with publications and patents (p-value < 0.05). We also present OLS and 2SLS estimations

where we use an inverse hyperbolic sine transformation.24 Consistent with previous results,

Columns 3 and 6 in Table B.28 show that R&D contracts have a positive e�ect on publi-

cations (p-value = 0.058) but not on patents. Moreover, the coe�cient estimate on R&D

24 The inverse hyperbolic sine is calculated as asinh(x) = ln(x +
?

x2 + 1).
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Table B.28: Alternative Speci�cations
(1) (2) (3) (4) (5) (6)

Publications t Inv. hyperbolic sine(Publications) t Patentst Inv. hyperbolic sine(Patents) t

Poisson OLS
IV:

Ind. R&D fund. Poisson OLS
IV:

Ind. R&D fund.

ln(R&D contracts) t� 3 0.012 0.013 0.041 0.014 0.014 -0.045
(0.003) (0.002) (0.021) (0.004) (0.002) (0.027)

ln(R&D stock) t� 3 0.503 0.152 0.135 0.462 0.289 0.278
(0.051) (0.013) (0.012) (0.067) (0.017) (0.017)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 102.24
Firms 2,388 3,631 3,584 3,166 3,631 3,584
Observations 32,836 43,883 41,093 40,597 43,883 41,093
Adjusted R-squared 0.862 0.017 0.838 0.044

Notes: This table presents the robustness of estimation results for the relationship between R&D contracts
and publications and patents to using Poisson pseudo-maximum likelihood regression (Columns 1 and 4) or
transforming publications and patents using an inverse hyperbolic sine (Columns 2, 3, 5, and 6). Standard
errors (in parentheses) are clustered at the �rm level.

contracts for the publication equation is close in size to our main speci�cation in Table 2.5.

2.8.4 Other Time Lags

Our results are not sensitive to the speci�c lag structure assumed in our main speci�ca-

tions. Checking the sensitivity to the lag structure is important because we do not observe

the actual annual spending associated with contract awards. To construct our panel, we

aggregate contractobligations�not actual outlays�at the �rm-year level. Since multi-year

procurement projects are common, the outlays may occur one, two, or more years after the

original obligation date. Table B.29 indicates that R&D contracts have a positive e�ect on

corporate R&D expenditures when using two- or three-year lags. Similarly, Table B.31 indi-

cates that R&D contracts have a positive e�ect on renowned scientists when using two-year

lags. As expected, the e�ects attenuate over time.

Moreover, there is typically a lag between the year when the R&D activity is conducted

and the year when the paper is published or the patent is granted. Therefore, the speci�c

lag structure between receiving an award and publishing a scholarly paper or receiving a

patent grant is unclear. Table B.30 indicates that R&D contracts have a positive e�ect

on publications when using four- or �ve-year lags. Conversely, we �nd no e�ect of R&D

contracts on patents when using four- or �ve-year lags, as shown in Table B.32.
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Table B.29: R&D Expenditures Equation Using Different Time Lags
(1) (2) (3) (4) (5)

ln(R&D expenditures) t

IV: Ind.
R&D fund.
(Lag = 1)

IV: Ind.
R&D fund.
(Lag = 2)

IV: Ind.
R&D fund.
(Lag = 3)

IV: Ind.
R&D fund.
(Lag = 4)

IV: Ind.
R&D fund.
(Lag = 5)

ln(R&D contracts) t� lag 0.062 0.064 0.051 0.041 0.035
(0.024) (0.025) (0.025) (0.025) (0.024)

ln(Sales)t� lag� 1 0.350 0.307 0.271 0.237 0.208
(0.016) (0.017) (0.017) (0.018) (0.018)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 100.29 97.68 92.71 85.42 81.77
Firms 3,771 3,422 3,131 2,840 2,618
Observations 40,473 36,756 33,438 30,394 27,689
Adjusted R-squared 0.118 0.082 0.068 0.057 0.043

Notes: This table presents the robustness of estimation results for the relationship between R&D contracts
and R&D expenditures using alternative time lags. Standard errors (in parentheses) are clustered at the �rm
level.

In general, the coe�cient estimates are similar to Tables 2.4-2.7, indicating that our

results are robust to using other time lags.

2.8.5 Related and Unrelated Research Areas

A concern may be that R&D contracts could crowd out unrelated research areas. For

example, �rms may respond to government R&D competitions by reducing their R&D

activities in research areas that do not bene�t directly from government spending. To test

this possibility, we split the �ow of corporate publications into related publications (i.e.,

those that acknowledge external support) and unrelated publications (i.e., those that do

not). Similarly, we split the �ow of corporate patents into those that self-cite at least one

of the focal �rms' related publications and those that do not. As shown in Table B.33,

we do not �nd evidence to suggest that R&D contracts crowd out unrelated research areas

(although we cannot rule it out due to imprecise estimation results).
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Table B.30: Publications Equation Using Different Time Lags
(1) (2) (3) (4) (5)

ln(Publications) t

IV: Ind.
R&D fund.
(Lag = 1)

IV: Ind.
R&D fund.
(Lag = 2)

IV: Ind.
R&D fund.
(Lag = 3)

IV: Ind.
R&D fund.
(Lag = 4)

IV: Ind.
R&D fund.
(Lag = 5)

ln(R&D contracts) t� lag 0.014 0.022 0.034 0.046 0.043
(0.017) (0.018) (0.018) (0.019) (0.018)

ln(R&D stock) t� lag 0.151 0.136 0.116 0.102 0.088
(0.010) (0.010) (0.010) (0.011) (0.011)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 110.87 107.32 102.24 94.52 93.00
Firms 4,317 3,917 3,584 3,282 3,008
Observations 49,702 45,157 41,093 37,382 33,992
Adjusted R-squared 0.049 0.039 0.019 0.002 0.001

Notes:This table presents the robustness of estimation results for the relationship between R&D contracts and
publications using alternative time lags. Standard errors (in parentheses) are clustered at the �rm level.

Table B.31: Renowned Scientists Equation Using Different Time Lags
(1) (2) (3) (4) (5)

ln(Renowned scientists)t

IV: Ind.
R&D fund.
(Lag = 1)

IV: Ind.
R&D fund.
(Lag = 2)

IV: Ind.
R&D fund.
(Lag = 3)

IV: Ind.
R&D fund.
(Lag = 4)

IV: Ind.
R&D fund.
(Lag = 5)

ln(R&D contracts) t� lag 0.025 0.020 0.011 0.004 0.040
(0.009) (0.009) (0.008) (0.009) (0.025)

ln(R&D stock) t� lag 0.040 0.034 0.032 0.026 0.191
(0.006) (0.006) (0.004) (0.006) (0.020)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 110.87 107.32 106.36 94.52 84.44
Firms 4,317 3,917 3,678 3,282 2,806
Observations 49,702 45,157 42,470 37,382 30,422
Adjusted R-squared -0.012 -0.006 0.007 0.005 0.017

Notes:This table presents the robustness of estimation results for the relationship between R&D contracts and
renowned scienti�c human capital using alternative time lags. Standard errors (in parentheses) are clustered
at the �rm level.
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Table B.32: Patents Equation Using Different Time Lags
(1) (2) (3) (4) (5)

ln(Patents)t
IV: Ind.

R&D fund.
(Lag = 1)

IV: Ind.
R&D fund.
(Lag = 2)

IV: Ind.
R&D fund.
(Lag = 3)

IV: Ind.
R&D fund.
(Lag = 4)

IV: Ind.
R&D fund.
(Lag = 5)

ln(R&D contracts) t� lag -0.059 -0.055 -0.040 -0.013 0.011
(0.023) (0.023) (0.023) (0.024) (0.024)

ln(R&D stock) t� lag 0.286 0.267 0.242 0.214 0.189
(0.015) (0.015) (0.015) (0.015) (0.015)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 110.87 107.32 102.24 94.52 93.00
Firms 4,317 3,917 3,584 3,282 3,008
Observations 49,702 45,157 41,093 37,382 33,992
Adjusted R-squared 0.055 0.042 0.045 0.051 0.044

Notes:This table presents the robustness of estimation results for the relationship between R&D contracts and
patents using alternative time lags. Standard errors (in parentheses) are clustered at the �rm level.
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Table B.33: Unrelated Research Areas

(1) (2) (3) (4) (5) (6) (7) (8)
ln(Related publications) t ln(Unrelated publications) t ln(Related patents)t ln(Unrelated patents) t

OLS

IV:
Ind.

R&D fund. OLS

IV:
Ind.

R&D fund. OLS

IV:
Ind.

R&D fund. OLS

IV:
Ind.

R&D fund.

ln(R&D contracts) t� 3 0.006 0.010 0.011 0.031 0.001 -0.001 0.012 -0.041
(0.002) (0.009) (0.002) (0.018) (0.001) (0.002) (0.002) (0.023)

ln(R&D stock) t� 3 0.037 0.029 0.129 0.114 0.009 0.006 0.251 0.240
(0.008) (0.007) (0.011) (0.010) (0.005) (0.004) (0.015) (0.015)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 102.24 102.24 102.24
Firms 3,631 3,584 3,631 3,584 3,631 3,584 3,631 3,584
Observations 43,883 41,093 43,883 41,093 43,883 41,093 43,867 41,078
Adjusted R-squared 0.531 -0.001 0.872 0.021 0.318 0.000 0.847 0.044

Notes:This table presents the robustness of estimation results for the relationship of R&D contracts with publications and patents to considering related and
unrelated research areas.Related publicationsacknowledge external support, while Unrelated publicationsdo not. Related patentsself-cite at least one of the focal
�rm's Related publications, while Unrelated patentsdo not. Standard errors (in parentheses) are clustered at the �rm level.
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2.8.6 Other Event Study Speci�cations

Figure B.5 presents the event study around the end of the Cold War without additional

FIGURE B.5: Event Study Without Additional Controls 25

25 This �gure presents an event study around the end of the Cold War, estimated without using additional
controls. All speci�cations use �rm �xed effects and year �xed effects. All speci�cations are estimated using
�rms that have data for the entire 9-year period to control for changes in the composition of industries over
time. Standard errors are clustered at the �rm level.
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controls for the level and percentage change in private demand.

Figure B.6 reproduces the speci�cations from Figure 2.2 on a sample of 260 �rms in

ten SIC3 industries that received a top 20% increase in R&D contracts yet experienced a

bottom 20% change in total demand.

FIGURE B.6: Event Study With a Different Sample 26

Figure B.7 presents a staggered event study using never-treated �rms as the comparison

group. The point estimates aggregate the group time average treatment e�ects by the

length of exposure to the R&D contracts shock. They are estimated using the doubly

robust di�erence-in-di�erences estimator from the csdid package.

26 This �gure presents an event study around the end of the Cold War, estimated using a sample of �rms in
SIC3 industries that received a top 20% increase in R&D contracts yet experienced a bottom 20% change in
total demand. All speci�cations use �rm �xed effects and year �xed effects. All speci�cations are estimated
using �rms that have data for the entire 9-year period to control for changes in the composition of industries
over time. Standard errors are clustered at the �rm level.
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FIGURE B.7: Staggered Event Study Using Never Treated Firms as the Comparison
Group 27

2.8.7 Other Evidence of Guaranteed Demand

Table B.34 examines how the e�ect of R&D contracts on upstream corporate R&D

varies with the awarding subagency's ability to guarantee demand. In unreported speci�ca-

tions, we �nd similar results to Columns 1-4 when we instrument for the endogenous R&D

contracts using the Industry R&D funding or the Agency R&D budgetinstruments.

Table B.35 examines how the e�ect of R&D contracts on upstream R&D varies with

private market incentives to invest in science. In all speci�cations, Industry R&D funding

is used as an instrument for R&D contracts.

27 This �gure presents a staggered event study around the end of the Cold War, estimated using the doubly
robust difference-in-differences estimator from the csdidpackage. All speci�cations use controls for the level
and percentage change in private demand (i.e., �rm sales net of all government procurement contracts). All
speci�cations are estimated using �rms that have data for the entire 1988-1997 period to control for changes in
the composition of industries over time. Standard errors are estimated using a multiplicative WildBootstrap
procedure.
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Table B.34: Variation by Agency Guaranteed Demand

(1) (2) (3) (4) (5) (6) (7)
ln(Publications) t

IV:
Windfall-
predicted

R&D budget

IV:
Windfall-
predicted

R&D budget

IV:
Windfall-
predicted

R&D budget

IV:
Windfall-
predicted

R&D budget

IVs:
Windfall-
predicted

R&D budget;
Agency

R&D budget

IVs:
Windfall-
predicted

R&D budget;
Agency

R&D budget

IVs:
Windfall-
predicted

R&D budget;
Agency

R&D budget

ln(Air Force R&D contracts) t� 3 0.147 0.136
(0.070) (0.070)

ln(Navy R&D contracts) t� 3 0.101 0.101
(0.048) (0.052)

ln(Army R&D contracts) t� 3 0.097 0.098
(0.049) (0.054)

ln(DARPA R&D contracts) t� 3 0.974 0.061 0.004 -0.015
(0.668) (0.081) (0.083) (0.093)

ln(R&D stock) t� 3 0.117 0.114 0.115 0.135 0.118 0.114 0.115
(0.011) (0.011) (0.011) (0.019) (0.011) (0.011) (0.011)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes Yes Yes Yes Yes Yes
Weak identif. (Kleibergen-Paap) 30.79 36.89 38.76 4.11 12.65 8.47 6.66
Firms 3,589 3,589 3,587 3,589 3,588 3,588 3,586
Observations 41,320 41,328 41,278 41,352 41,300 41,308 41,259
Adjusted R-squared -0.114 -0.040 -0.050 -3.006 -0.106 -0.040 -0.052

Notes:This table presents results from estimating how the effect of R&D contracts on publications varies by the awarding subagency's ability to guarantee
demand. All speci�cations present the second stage of 2SLS, where R&D contracts from DoD subagencies are instrumented as noted. Standard errors (in
parentheses) are clustered at the �rm level.
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Table B.35: Variation by Private Market Incentives to Invest in Upstream R&D
(1) (2) (3) (4) (5) (6)

ln(Publications) t

Internal
use

(IV: Ind.
R&D fund.)

No internal
use

(IV: Ind.
R&D fund.)

Low
rival use
(IV: Ind.

R&D fund.)

High
rival use
(IV: Ind.

R&D fund.)

High
protection
(IV: Ind.

R&D fund.)

Low
protection
(IV: Ind.

R&D fund.)

ln(R&D contracts) t� 3 -0.001 0.035 0.024 0.052 -0.000 0.033
(0.008) (0.018) (0.017) (0.018) (0.007) (0.018)

ln(R&D stock) t� 3 0.002 0.118 0.057 0.050 0.015 0.115
(0.004) (0.011) (0.013) (0.015) (0.004) (0.010)

ln(Internal use publications) t 0.507 0.356
(0.036) (0.048)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects Yes Yes Yes Yes Yes Yes
Year �xed effects Yes Yes No No Yes Yes
Weak identif. (Kleibergen-Paap) 102.24 102.24 32.73 32.73 102.24 102.24
Firms 3,584 3,584 632 632 3,584 3,584
Observations 41,093 41,093 4,358 4,358 41,093 41,093
Adjusted R-squared -0.001 0.019 0.221 0.072 0.001 0.019

Notes:This table presents second-stage results from estimating how the effect of R&D contracts on publica-
tions varies by private market incentives to invest in science. In all speci�cations, Industry R&D funding is
used as an instrument for R&D contracts. The sample for Columns 3 and 4 is restricted to �rm-years with one
or more publications cited by corporate patents. Standard errors (in parentheses) are clustered at the �rm
level.

Table B.36 examines how the odds of winning R&D contracts change over time based

on �rm size. Large is an indicator variable equal to 1 for �rms with top quartile annual

sales (relative to all �rms in the same SIC4 industry over 1980-2015).
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Table B.36: Change in Odds of Winning R&D Contracts Based on Firm Size

(1) (2) (3) (4)
Has R& D contracts= 1t

Baseline
(OLS)

Add
industry FE

(OLS)
Baseline
(Logit)

Add
industry FE

(Logit)

Large 0.161 0.163 1.219 1.554
(0.009) (0.023) (0.060) (0.170)

Large x Time trend -0.020 -0.021 -0.073 -0.130
(0.004) (0.009) (0.029) (0.080)

Time trend -0.007 -0.004 -0.097 -0.049
(0.001) (0.004) (0.019) (0.055)

Sample years 1980-2015 1980-2015 1980-2015 1980-2015
Firm �xed effects No No No No
Year �xed effects No No No No
Industry �xed effects No Yes No Yes
Firms 331 200
Observations 60,885 60,885 60,885 55,592
Adjusted R-squared 0.029 0.182

Notes:This table presents results from estimating how the odds of winning R&D contracts change over time
based on �rm size. The dependent variable, Has R&D contracts, is an indicator variable equal to 1 if the �rm
won one or more R&D contracts in the focal year and zero otherwise. Largeis an indicator variable equal to 1
for �rms with top quartile annual sales (relative to all �rms in the same SIC4 industry over 1980-2015). Time
trend is the focal year minus 1980, presented in decennial units. Standard errors (in parentheses) are robust
to arbitrary heteroskedasticity in Columns 1 and 3 and clustered at the industry level in Columns 2 and 4.
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2.8.8 Nonlinear Time Effects

Table B.37 presents the changing composition of government contracts while allowing

for nonlinear time e�ects.

Table B.37: Nonlinear Time Effects
(1) (2) (3) (4) (5)

Contract value Contract composition

ln(All
contracts)t

ln(R&D
contracts)t

ln(Comm.
contracts)t

Share R&D/
All contracts t

Share comm./
All contracts t

Indicator for Decade = 1990s -0.358 -0.211 0.002
(0.132) (0.089) (0.012)

Indicator for Decade = 2000s 0.279 -0.122 1.999 -0.029 0.168
(0.181) (0.131) (0.099) (0.013) (0.013)

Indicator for Decade = 2010s 0.103 -0.448 2.584 -0.041 0.398
(0.215) (0.150) (0.136) (0.014) (0.024)

ln(R&D stock) t� 1 0.456 0.122 0.455 -0.007 -0.004
(0.054) (0.035) (0.055) (0.005) (0.008)

Sample years 1980-2015 1980-2015 1995-2015 1980-2015 1995-2015
Firm �xed effects Yes Yes Yes Yes Yes
Firms 4,366 4,368 3,657 2,127 1,705
Observations 52,762 52,842 36,819 22,612 15,346
Adjusted R-squared 0.741 0.659 0.710 0.263 0.153

Notes: This table presents OLS estimates for changes in procurement contract value and composition over
time, accounting for nonlinear time effects. Standard errors (in parentheses) are clustered at the �rm level.

221



Appendix C. Supplementary Materials for Chapter 3
3.1 Extensions to the Conceptual Framework

In this section, we explain some of the assumptions made in our conceptual framework

and discuss what happens when we relax them.

3.1.1 Assumptions About Quality

Prototype quality is qi = r i + ni , wherer i is the research e�ort andni is a stochastic term.

Research e�ort is not observable, while its cost isgexp(r i ), where g ¡ 0. For analytical

convenience, we assumeni has a type I extreme value distribution with parameters m= 0

and b = 1, so that Pr[q1 ¡ q2] =
exp(r1)

exp(r1) + exp(r2)
. Using the notation exp(r i ) = ei , we

can write Pr[q1 ¡ q2] =
e1

e1 + e2
.

3.1.2 Participation Constraint

When �rm 1's expected payo� is P 1 = e1
e1+ e2

Pu � ge1, the optimal R&D e�ort is given

by the �rst-order condition:

e2

(e1 + e2)2 Pu � g = 0 (C.1)

At a symmetric Nash Equilibrium, e1 = e2 = e=
Pu

4g
. The participation constraint, P i ¥ 0,

is always satis�ed because the �rm's equilibrium expected payo� is 1
2(Pu) � 1

4Pu ¡ 0.

3.1.3 R&D Winner Has a Production Advantage

Suppose the R&D winner has a production advantage. For example, production may

require some tacit knowledge that the R&D winner has, such that the R&D winner can ex-

tract some payment from the other producers without having to enter the production stage

itself. This incentive mechanism does not require guaranteed demand. Indeed, guaranteed

demand is a substitute for any production advantage enjoyed by the R&D winner.
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3.1.4 Entering the Production Stage Is Costly for the R&D Winner

Suppose 1
m+ 1(Cm+ 1 � Cm+ 1) � F   0. Note that Cm � Cm+ 1 ¡ 1

mDm for m ¡ 2. This

implies that there is a range ofF such that even if 1
mDm   F so that expected production

pro�ts are negative, an R&D winner would pro�tably enter production because the addi-

tional rents extracted, represented byCm � Cm+ 1, may still be greater than the production

losses.

3.1.5 Government Maximizes Net Payoff

Suppose the government's payo� from getting a prototype of quality q is V (q, B) =

a0 + a1q � B, where a1 ¡ 0 and B is the government's expenditure. The government's

payo� is W = q V (q) � B. If the quality of the prototype developed by �rm i, qi , is related

to the �rm's e�ort by the relation qi = ln (ei ) + ni , where ni has a type I extreme value

distribution with parameters m= 0,b = 1, then the government's objective function can

be written as W = A + a1 ln (e1 + e2) � B.

At a symmetric Nash Equilibrium, e1 = e2 = e =
Pu

4g
.1 The government optimally sets

Pu = a1, so that total expenditure without guaranteed demand is simplyB = a1 + Cm. As

before, guaranteed demand o�ers no additional incentive bene�t unless R&D �rms have

production capability. Di�erently from the �xed budget case, the government reduces the

R&D payment to Pu � (Cm � Cm+ 1).

1 As noted, the participation constraint of the �rm is always satis�ed because the �rm's equilibrium ex-
pected payoff is 1

2(Pu) � 1
4Pu ¡ 0.
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3.2 Additional Figures and Tables

FIGURE C.1: Share Turnover Around R&D Contracts Awarded Before the Public
Reporting Requirement 2

FIGURE C.2: Frequency Distribution of Idiosyncratic Returns 3

2 This �gure presents the share turnover around R&D contracts awarded before the public reporting re-
quirement was put in place (i.e., awarded from October 1, 1979, to March 31, 1984).

3 This �gure presents the frequency distribution of idiosyncratic (market-adjusted) returns.
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Table C.1: Share Turnover Around R&D Contract Award Dates
(1) (2) (3) (4)

Dependent variable: Share turnover, h f d

Baseline Any confounders Speci�c confounders Production contracts

I f d� 4 0.018 0.016 0.016 0.016
(0.013) (0.013) (0.014) (0.014)

I f d� 3 -0.001 -0.000 -0.001 -0.001
(0.016) (0.016) (0.015) (0.015)

I f d� 2 0.002 0.001 0.002 0.002
(0.009) (0.009) (0.009) (0.009)

I f d� 1 -0.012 -0.011 -0.014 -0.014
(0.007) (0.007) (0.007) (0.007)

I f d 0.001 0.002 0.000 0.000
(0.015) (0.015) (0.015) (0.015)

I f d+ 1 0.019 0.018 0.019 0.019
(0.007) (0.007) (0.007) (0.007)

I f d+ 2 0.008 0.009 0.009 0.009
(0.009) (0.009) (0.009) (0.009)

I f d+ 3 0.012 0.013 0.012 0.012
(0.018) (0.018) (0.018) (0.018)

I f d+ 4 0.002 0.001 0.000 0.001
(0.008) (0.009) (0.008) (0.008)

Any confounding announcement 0.240
(0.022)

Alliance announcement 0.299 0.300
(0.202) (0.202)

Bankruptcy announcement 0.069 0.069
(0.010) (0.010)

Dividend announcement 0.016 0.016
(0.008) (0.008)

Earnings announcement 0.654 0.654
(0.055) (0.055)

Executive change announcement 0.011 0.011
(0.017) (0.017)

Fixed income announcement 0.191 0.191
(0.050) (0.050)

Financing announcement 0.079 0.079
(0.047) (0.047)

Guidance announcement 0.306 0.306
(0.050) (0.050)

Index announcement 0.255 0.255
(0.115) (0.115)

Lawsuit announcement 0.152 0.152
(0.042) (0.042)

M&A announcement 0.768 0.768
(0.201) (0.201)

Private placement announcement -0.411 -0.410
(0.227) (0.227)

Rating announcement 0.578 0.578
(0.104) (0.104)

Stock split announcement 0.170 0.170
(0.073) (0.073)

Any production contract award -0.002
(0.005)

Firm x year FE Yes Yes Yes Yes
Calendar date FE Yes Yes Yes Yes
Mean DV 0.67 0.67 0.67 0.67
Firms 240 240 240 240
Observations 1,223,235 1,223,235 1,223,235 1,223,235
Adjusted R-squared 0.209 0.210 0.211 0.211

Notes:This table presents the relationship between share turnover and reportable R&D contracts. Standard
errors (in parentheses) are clustered by year. 225



Table C.2: Private Value of R&D Contracts Estimated Using Alternative Assumptions

(1) (2) (3) (4) (5) (6) (8) (9)
Distribution

Obs. Mean Std. dev. 5th 10th 50th 90th 95th
A. Cauchy Distributions
Private value (2012 $ million) 14,382 2,059 2,174 30 74 1,654 4,592 5,597
Private value / Obligated value (%) 14,382 8,721 21,844 63 152 2,790 19,955 34,685
Private value / Base and all options value (%) 14,382 8,290 21,521 56 137 2,469 19,145 32,871

B. Non-Zero Probability of Winning
Private value (2012 $ million) 14,382 1,156 2,673 7 17 493 2,478 3,508
Private value / Obligated value (%) 14,382 4,084 12,263 15 35 943 9,036 17,126
Private value / Base and all options value (%) 14,382 3,851 11,829 13 32 837 8,550 16,172

C. Three-Day Estimation Window
Private value (2012 $ million) 14,382 777 830 10 24 534 1,879 2,427
Private value / Obligated value (%) 14,382 3,201 7,467 20 46 986 7,602 13,223
Private value / Obligated value (%) 14,382 3,056 7,379 19 42 869 7,297 12,779

Notes:This table presents descriptive statistics for the re-estimated private value of R&D contracts. Panel A re�ects the assumption of Caunchy distributions.
Panel B re�ects the assumption that the ex-ante probability of winning decreases in the number of bidders and increases in the number of R&D contracts won
by the focal �rm in the previous year. Panel B uses a 3-day window following the award date, [t + 1,t + 3], to estimate the private value.
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Table C.3: Private Value of R&D Contracts and Future Demand
(1) (2) (3) (4) (5) (6)

Dependent variable: ln($1+Private value)

Future =
3 years

Future =
5 years

Future =
10 years

Future =
3 years

Future =
5 years

Future =
10 years

ln($1+Value of future govt. demand) 0.152 0.148 0.131
(0.014) (0.014) (0.013)

ln($1+Value of future private demand) -0.092 -0.094 -0.088 -0.100 -0.097 -0.091
(0.011) (0.012) (0.012) (0.010) (0.013) (0.011)

ln($1+Value of future noncompetitive prod.) 0.098 0.101 0.109
(0.008) (0.009) (0.008)

ln($1+Value of future competitive prod.) -0.028 -0.032 -0.043
(0.010) (0.010) (0.011)

ln($1+Options value of focal contract) 0.003 0.002 0.003 0.003 0.003 0.003
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

ln($1+Obligated value of focal contract) 0.016 0.017 0.021 0.042 0.041 0.040
(0.007) (0.007) (0.007) (0.006) (0.006) (0.007)

ln($1+Market value) 0.973 0.979 0.983 1.007 1.006 1.000
(0.014) (0.013) (0.012) (0.015) (0.014) (0.010)

Firm FE No No No No No No
Year FE Yes Yes Yes Yes Yes Yes
Mean DV 477.00 474.10 466.64 477.00 474.10 466.64
Firms 213 213 213 213 213 213
Observations 13,373 13,259 13,093 13,373 13,259 13,093
Adjusted R-squared 0.958 0.958 0.956 0.952 0.952 0.952

Notes: This table presents OLS estimation results for the relationship between the estimated private value
of R&D contracts and the value of future demand. Future government demand is the sum of R&D and
production contracts awarded to the �rm during the 3/5/10-year period following the focal award. Future
private demand is sales minus future government demand. Standard errors (in parentheses) are clustered by
year.
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Appendix D. Supplementary Materials for Chapter 4
4.1 Conceptual Framework

I seek to understand when high-tech startups bid on government R&D contracts and

how many R&D contracts they bid on. Empirically, I don't observe the identity of bidders

in government procurement. Therefore, I infer startups' bidding activity ex-post based on

the observed contract awards. Prior work has shown heterogeneity in the objectives of the

�rms that bid on government R&D contracts (e.g., Bhattacharya, 2020). Some �rms focus

on providing R&D services to the government, while others use government funding to

develop new technologies for commercialization in private sector markets. This conceptual

framework generates testable predictions about the latter.

I focus on the choices facing a startup that can commercialize a single technology. Based

on the assumption that it is easier for the startup to change its target market rather than

its technology, I hold the technology �xed. The startup chooses which private market

to attempt to commercialize its technology in. When making that choice, the startup

faces signi�cant uncertainty about the applicability of its technology to a particular private

market (which can be either good or bad). Fortunately, the startup can engage in market

experimentation to reveal more information about the technology's applicability. Such

experimentation can be funded using the startup's own resources, public or private grants,

debt, or dilutive venture capital funding. Alternatively, it can be funded using government

R&D contracts.

4.1.1 Setup

Consider the following setup, with notation summarized in Table D.1. A startup's

technology has two possible private markets,A and B. The technology is applicable to

market A with probability pa. If the technology is applicable to market A, the gross payo�

from commercialization is Va. The cost to commercialize the technology in marketA is

Ca. An analogous setup applies to marketB. However, due to resource limitations (e.g.,

managerial time and attention), the startup can attempt to commercialize its technology
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in at most one private market. The startup can reduce uncertainty about the applicability

of its technology by conducting a market experiment at a cost ofc.

Table D.1: Notation

Concept Notation

Private markets t A, Bu
Federal contracting of�ces t a, bu
Probability the technology's applicability is good Pr(Good) = p
Probability the technology's applicability is bad Pr(Bad) = 1 � p
Gross payoff from commercialization V
Cost of commercialization C
Cost of a market experiment c, where c   C
Private cost of a government R&D contract g, where g   c   C
Signal from a market experiment or R&D contract t Yes, Nou

A market experiment results in a signal that can take valuest Yes, Nou. Let the

probability of getting a Yes signal when the technology is applicable to the market be

Pr(Yes|Good) = a (i.e., the true positive rate). Let the probability of getting a Yes sig-

nal when the technology is not applicable to the market bePr(Yes|Bad) = b (i.e., the

false positive rate).1 Using Bayes' Rule, I calculate the following conditional and marginal

probabilities:

Pr(Good|Yes) =
Pr(Yes|Good)Pr(Good)

Pr(Yes|Good)Pr(Good) + Pr(Yes|Bad)Pr(Bad)
=

ap
ap + b(1 � p)

Pr(Good|No) =
Pr(No|Good)Pr(Good)

Pr(No|Good)Pr(Good) + Pr(No|Bad)Pr(Bad)
=

=
(1 � a)p

(1 � a)p + ( 1 � b)(1 � p)

Pr(Yes) = Pr(Yes|Good)Pr(Good) + Pr(Yes|Bad)Pr(Bad) = ap + b(1 � p)

The startup's expected payo� from conducting a market experiment is:

Pr(Yes)(maxt Pr(Good|Yes)V � C, 0u) + ( 1 � Pr(Yes))( maxt Pr(Good|No)V � C, 0u) � c

(D.1)

1 BecausePr(Good) = p, Pr(Bad) = 1 � p.
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I assume that Pr(Good|No)V ¤ C ¤ Pr(Good|Yes)V, so that the startup does not attempt

to commercialize its technology when it receives aNo signal. This implies:

(1 � a)p
(1 � a)p + ( 1 � b)(1 � p)

V ¤ C ¤
ap

ap + b(1 � p)
V (D.2)

After taking the reciprocal and rearranging, I obtain:

(1 � b)(1 � p)
(1 � a)p

¥
V � C

C
¥

b(1 � p)
ap

(D.3)

The middle term is the rate of return at the commercialization stage. Therefore, compound

Inequality D.3 imposes bounds on the rate of return. The �rst inequality indicates that there

is little value in conducting market experiments for technologies that are almost certainly

applicable (i.e., whenp is very high, the �rst term is very small, and the inequality cannot

be satis�ed).

The second inequality indicates that markets with a very low rate of return will not

bene�t from experimentation (as long as there is a cost). In addition, asa Ñ 1 (i.e., there

are few false negatives), the �rst inequality is more likely to be satis�ed. Asb Ñ 0 (i.e.,

there are few false positives), the second inequality is more likely to be satis�ed.

4.1.2 A Government R&D Contract

Instead of paying c to conduct the market experiment, the startup can pursue a gov-

ernment R&D contract that provides a signal at a private cost g, where g   c   C. This

cost may include the loss of time in approaching the private market, leakage of proprietary

know-how, and any direct costs not reimbursed by the government. Federal contracting

o�ces have heterogeneous demand, as shown in Figure 4.1. Assume there are two federal

contracting o�ces, a and b. An R&D contract from o�ce a will reveal more information

about the applicability of the technology to market A, while an R&D contract from o�ce

b will reveal more information about the applicability of the technology to market B.

It is reasonable to believe that a successful R&D contract is akin to aYessignal, while an

unsuccessful R&D contract is akin to anNo signal. Realistically, a No signal does not mean
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that the technology isn't applicable to the private market, as government requirements may

di�er from those of the private market. However, for now, I assume that a = 1 so that

there are no false negatives. I also assume that the cost of bidding on the government R&D

contract is 0. Then, the payo� from conducting a market experiment using a government

R&D contract is positive when:

p(V � C) � (1 � p)bC � g ¥ 0 ðñ
V � C

C
¥

g
pC

+
b(1 � p)

p
(D.4)

I assume the return of a �sure thing� is high enough so that Inequality D.4 holds.

4.1.3 Who Will Seek a Government R&D Contract

The expected payo� without an R&D contract is maxt pV � C, 0u. Comparing it with

Inequality D.4 suggests that startups with low probabilities the technology is applicable

will bene�t from experimenting, but startups with high probabilities may not.

In what follows, I assume that:

p(V � C) � (1 � p)bC � g ¡ pV � C ðñ (1 � p)(1 � b)C ¡ g (D.5)

This condition requires that the commercialization cost, C, be su�ciently high compared

to the cost of using the R&D contract to experiment, g.

4.1.4 Two Government R&D Contracts

If the startup can only commercialize in one private market, why would the startup

bid on a second government R&D contract that relates to a di�erent private market? One

possible reason is that even a technology with good applicability might return aNo signal.

In other words, there are false negatives in reality. By conducting two market experiments,

the startup reduces the chance of missing out, as the probability of two false negatives is

always smaller than the probability of one false negative.

Note that the bene�t from a second experiment is smaller than the bene�t from the

�rst experiment. Moreover, there are costs in terms of managerial time and attention. This
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diminishing return limits the number of experiments (i.e., R&D contracts) the startup may

seek.

To save on notation, suppose both markets had the same gross payo�s,Va = Vb = V,

commercialization costs,Ca = Cb = C, and probabilities that the technology is applicable,

pa = pb = p.

Because the markets are otherwise identical, and the experiments are independent,

as long as at least one experiment is successful, the startup will get a gross expected

payo� of p(V � C) � (1 � p)bC. The probability of at least one successful experiment is

1 � (1 � P(Yes)) 2. Recall that Pr(Yes) = p + ( 1 � p)b (we are still assuming that a = 1),

so the probability of at least one successful experiment is1 � (1 � p)2(1 � b)2. Therefore,

the expected payo� from two government R&D contracts is
�
1 � (1 � p)2(1 � b)2

�
(p(V �

C) � (1 � p)bC) � 2g. The expected payo� from one government R&D contract is (p +

(1 � p)b)( p(V � C) � (1 � p)bC) � g. Let X = ( 1 � p)(1 � b). Then, the startup will seek

two experiments if:

X(1 � X)p(V � C) ¥ g (D.6)

For this condition to hold, X must be neither too large nor too small. X is small if p

is large, and if b is large. Thus, the technology must have an intermediate level of being

applicable, and the false positive rateb must also not be too large. Second, the startup

should have enough managerial capacity to handle two experiments. Third, the smaller the

second potential private market in relation to the �rst, the lower the bene�t from a second

experiment.

4.1.5 Many Government R&D Contracts

The preceding can be generalized. The incremental bene�t of thenth R&D contract is

X(1 � X)n� 1p(V � C) � g. As n increases, the bene�t declines, whereas the cost remains

the same. Notice also that the marginal bene�t declines very quickly if1 � X is small.

Recall that X = ap + ( 1 � a)(1 � p) = 1 � a � p so 1 � X = a + p. This implies that for a

given p, 1 � X increases witha.
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More capable startups will run experiments that have greater precision, i.e., a highera.

This implies that the incremental value of the nth R&D contract should be higher. Such

startups will also seek more R&D contracts.

4.1.6 Actual Number of Government R&D Contracts

The discussion thus far has been about the number of experiments (i.e., government

R&D contracts) a startup will seek. But the award of R&D contracts is competitive. If

a startup expects m competitors for each contract, winning a government R&D contract

is not guaranteed. Suppose the cost of preparing a bid isd, and the startup wins the bid

with probability l (m). If all bidders are the same,l =
1
m

. The startup will seek the nth

R&D contract if l (m)t X(1 � X)n� 1p(V � C) � gu ¥ d. If the startup seeksn contracts, it

can expect to win n
m of them. Therefore, the startup will seek more R&D contracts to try

to win enough of them. However, because it is costly to bid for contracts, the startup will

trade o� the cost of bidding against the expected bene�t of winning an additional R&D

contract.

Startups that win more R&D contracts are more likely to �nd at least one Yessignal

and to commercialize the technology in a private market. Therefore, their expected private

market revenues will be higher.

More capable startups, with highera, will seek more R&D contracts and win a greater

fraction if their probability of winning is higher than 1
m. Such startups are more likely to

get a Yessignal and have higher private market revenues.

which is

4.1.7 Empirical Predictions

Table D.2 summarizes the empirical predictions regarding the probability that startups

receive R&D contracts (Column 2) and the probability that startups receive R&D contracts

from two or more distinct contracting o�ces (Column 3) given di�erent levels of market

uncertainty.
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Table D.2: EMPIRICAL PREDICTIONS

(1) (2) (3)

Market uncertainty Pr(Receive R&D contracts)
Pr(Receive R&D contracts

from 2+ of�ces)

Low (high p) Low Low
Medium (medium p) Medium High
High (low p) High Low
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4.2 Additional Figures and Tables

Table D.3: Agency Mission Statements

Federal agency Mission statement

Defense, Department of Provide the military forces to deter war and ensure the Na-
tion's security. The Department will continue to provide
combat-credible military forces that are capable of defending
against aggression that undermines the security of both the
United States and its Allies.

National Aeronautics and
Space Administration

Explore the unknown in air and space, innovate for the bene�t
of humanity, and inspire the world through discovery.

Health and Human Ser-
vices, Department of

Enhance the health and well-being of all Americans, by pro-
viding for effective health and human services and by fos-
tering sound, sustained advances in the sciences underlying
medicine, public health, and social services.

Energy, Department of Ensure America's security and prosperity by addressing its en-
ergy, environmental, and nuclear challenges through transfor-
mative science and technology solutions.

Transportation, Depart-
ment of

Deliver the world's leading transportation system, serving the
American people and economy through the safe, ef�cient, sus-
tainable, and equitable movement of people and goods.

General Services Adminis-
tration

Deliver the best customer experience and value in real estate,
acquisition, and technology services to the Government and
the American people.

Homeland Security, De-
partment of

With honor and integrity, we will safeguard the American peo-
ple, our Homeland, and our values.

Agency for International
Development

On behalf of the American people, promote and demonstrate
democratic values abroad, and advance a free, peaceful, and
prosperous world.

Interior, Department of the Protect and manage the Nation's natural resources and cultural
heritage; provide scienti�c and other information about those
resources; and honor its trust responsibilities or special com-
mitments to American Indians, Alaska Natives, Native Hawai-
ians, and af�liated Island Communities.

Education, Department of Promote student achievement and preparation for global com-
petitiveness by fostering educational excellence and ensuring
equal access.

Notes:This table displays the mission statements of the top 10 federal agencies by the value of R&D contracts
awarded during calendar years 2017-2021. Mission statements were sourced from agency websites and are
current as of July 10, 2024.
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Table D.4: R&D Contracting by Agency, 2017-2021

Federal agency
Number of R&D

contracting of�ces
R&D contracts

(const. 2012 $ mm)

Defense, Department of 442 139,363.86
National Aeronautics and Space Administration 14 46,212.43
Health and Human Services, Department of 36 16,503.95
Energy, Department of 13 10,426.26
Transportation, Department of 25 4,052.31
General Services Administration 31 2,503.48
Homeland Security, Department of 70 1,498.97
Agency for International Development 49 807.44
Interior, Department of the 43 546.06
Education, Department of 7 360.24
Justice, Department of 77 295.01
Commerce, Department of 18 252.78
Veterans Affairs, Department of 45 231.28
Environmental Protection Agency 13 137.44
Treasury, Department of the 6 125.22
Agriculture, Department of 136 119.37
National Science Foundation 1 38.84
Federal Communications Commission 1 37.96
State, Department of 66 30.55
Nuclear Regulatory Commission 1 13.31
Housing and Urban Development, Department of 8 11.33
Smithsonian Institution 19 7.77
Corporation for National and Community Service 1 4.22
Of�ce of Personnel Management 1 4.15
Export-Import Bank of the U.S. 2 3.55
Labor, Department of 6 2.76
Securities and Exchange Commission 1 2.62
National Gallery of Art 1 2.48
Consumer Product Safety Commission 1 2.30
International Boundary and Water Commission:U.S.-Mexico 1 2.30
Federal Mine Safety and Health Review Commission 1 2.13
National Endowment for the Arts 1 1.57
United States Agency for Global Media, BBG 3 1.41
17 other agencies 19 3.26

Total 1,159 223,608.62

Notes: This table displays federal agencies that awarded R&D contracts during calendar years 2017-2021.
R&D contracts are de�ated using the GDP Implicit Price De�ator to re�ect millions of constant 2012 dollars
(U.S. Bureau of Economic Analysis, 2021).
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Table D.5: Department of Energy Contracting Of�ces, 2017-2021

Contracting of�ce name
Contracting
of�ce code

All contracts
(const. 2012 $ mm)

R&D contracts
(const. 2012 $ mm)

Production contracts
(const. 2012 $ mm)

NNSA MO CONTRACTING 892332 65,660.51 9,859.59 55,800.92
SC OAK RIDGE OFFICE 892431 17,932.00 0.00 17,932.00
SC CHICAGO SERVICE CENTER 892430 14,842.93 0.00 14,842.93
SAVANNAH RIVER OPERATIONS OFFICE 893037 10,035.63 177.63 9,858.00
IDAHO OPERATIONS OFFICE 892432 8,213.50 36.61 8,176.88
NNSA NAVAL REACTORS LAB FLD OFFICE 892330 7,354.42 0.00 7,354.42
OFFICE OF RIVER PROTECTION 893040 6,820.30 2.26 6,818.04
RICHLAND OPERATIONS OFFICE 893039 4,393.57 1.36 4,392.21
NNSA NON-MO CNTRCTNG OPS DIV 892331 3,458.21 143.11 3,315.10
HEADQUARTERS PROCUREMENT SERVICES 893030 3,356.03 100.16 3,255.86
EM-PORTSMOUTH/PADUCAH PROJECT OFC 893031 3,290.53 4.48 3,286.05
GOLDEN FIELD OFFICE 892434 2,814.39 0.00 2,814.39
EM-OAK RIDGE 893035 2,596.16 105.57 2,490.59
EM-CARLSBAD 893032 1,579.78 0.62 1,579.16
EM-ENVIRONMENTAL MGMT CON BUS CTR 893033 1,380.45 1.79 1,378.65
NATIONAL ENERGY TECHNOLOGY LAB 892433 1,229.58 7.33 1,222.25
STRATEGIC PETROLEUM RESERVE 892435 1,145.41 0.00 1,145.41
EM-LOS ALAMOS 893034 844.87 0.00 844.87
FEDERAL ENERGY REGULATORY COMM 896030 341.99 2.12 339.87
WESTERN-UPPPER GREAT PLAINS REGION 895034 183.87 0.00 183.87
WESTERN-CORPORATE SERVICES OFFICE 895030 154.51 0.00 154.51
ADVANCED RSRCH PROJ AGENCY ARPA-E 897030 112.89 0.00 112.89
WESTERN-DESERT SOUTHWEST REGION 895031 106.36 0.00 106.36
WESTERN-ROCKY MOUNTAIN REGION 895032 80.91 0.00 80.91
SOUTHWESTERN POWER ADMINISTRATION 895036 68.99 0.00 68.99
WESTERN-SIERRA NEVADA REGION 895033 63.68 0.00 63.68
SOUTHEASTERN POWER ADMINISTRATION 895035 3.90 0.00 3.90

Notes:This table displays the Department of Energy contracting of�ces that awarded procurement contracts
during calendar years 2017-2021. Contracts are de�ated using the GDP Implicit Price De�ator to re�ect
millions of constant 2012 dollars (U.S. Bureau of Economic Analysis, 2021).
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FIGURE D.1: Frequency Distribution of R&D Contract Value Awarded by Each
Contracting Of�ce, 2017-20212

2 Panel A of this �gure plots the frequency distribution of the value of R&D contracts (in constant 2012 $
million) awarded by a contracting of�ce during 2017-2021. Panel B restricts attention to R&D contracting
of�ces that awarded more than $1 billion in R&D contracts during 2017-2021.
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FIGURE D.2: Frequency Distribution of the Number of Federal Agencies and Contracting
Of�ces That Awarded Contracts to a NAICS6 Industry During 2017-2021 3

3 This �gure plots the frequency distribution of the number of federal agencies (Panel A) and contracting
of�ces (Panel B) that awarded contracts to a NAICS6 industry during 2017-2021.
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FIGURE D.3: Frequency Distribution of the Number of Federal Agencies and Contracting
Of�ces That Awarded Contracts to a NAICS4 Industry During 2017-2021 4

4 This �gure plots the frequency distribution of the number of federal agencies (Panel A) and contracting
of�ces (Panel B) that awarded contracts to a NAICS4 industry during 2017-2021.
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Table D.6: Measures of Experimentation
Paper Empirical

context
Measure Description Performance

implication

Pisano,
1994

23 pharma-
ceutical
process
development
projects in 11
�rms

Research % Percentage of total project
person-hours expended
before the �rst pilot batch of
production

Associated with shorter
development lead time
in chemical projects, but
not in biotech projects

Brown
and
Eisen-
hardt,
1997

6 business
units of
publicly
traded ICT
�rms

Experimental
products(0/1)

Low-cost projects with 5-10
developers; stripped-down
products to learn about
low-end markets

Units with successful
product portfolios
probe the future using
experimental products

Gruber
et al.,
2008

83 VC-backed
German
high-tech
startups

More than one
market opportunity
(0/1)

Indicator equal to 1 if 2+
market opportunities were
considered before entry

Positive association
with ln(Sales)

ln(Number of
alternative market
opportunities)

Number of alternative
market opportunities
considered prior to entry

Positive effect on
ln(Sales)

Andries
et al.,
2013

6 ventures in
various
industries

Simultaneous
experimentation
(0/1)

Cost-effective portfolio of
business model experiments

Lower initial growth,
long-term survival

Focused commitment
(0/1)

Persistent focus on one
business model

Higher initial growth,
short-term survival

Pillai
et al.,
2020

Early
automobile
startups

Cumulative Model
Count

Cumulative number of
unique automobile models
released to date by the �rm

Positive association
with survival length
and price advantage

Contigiani
and
Young-
Hyman,
2022

110 ventures
in a university
competition;
162 MTurk
participants

Experimentation
[0,1]

Combined measure of
“quantity” and “quality” of
information about
experimentation and its
timing in the application
form and pitch deck
(identi�ed using words such
as minimum viable product,
beta, test, prototype, pilot,
etc.)

No association with
venture evaluation
score, perceived quality,
investment decision;
negative association of
interaction with formal
structure with
investment likelihood

Koning
et al.,
2022

35,262 global
high-tech
startups

Using A/B tool(0/1) Indicator equal to 1 if the
startup used A/B testing
technology on its website

Positive effect on
ln(Visits + 1)

S. Lee
and Kim,
2023

38,217 U.S.
startups

A/B testing(0/1) Indicator equal to 1 if the
startup used A/B testing
technology on its website

Moderates the
relationship between
scaling early and �rm
failure

Savage
and
Ziedonis,
2024

621
technology
spinoffs from
6 U.S.
universities

Number of SBIR
grants

Number of Phase I SBIR
grants awarded to the �rm

Founders with
heterogeneous
knowledge engage in
market search at 2-3
times the rate of
single-discipline
founders.

Notes:This table summarizes the various measures of experimentation used in the empirical literature.
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Table D.7: Classi�cation Codes for R&D Services
Code Stage of R&D De�nition

1 Basic research Includes allscienti�c effort and experimentationdirected toward increasing
knowledge and understanding in those �elds of the physical, engineer-
ing, environmental, social, and life sciences related to long-term national
needs. It provides fundamental knowledge ultimately required for the
solution of social, economic, political, physical, or military problems. It
forms a part of the base for subsequent applied research and exploratory
and advanced development in the various disciplines, and new or im-
proved functional capabilities.

2 Applied research
and exploratory
development

Includes all effort directed toward the solution of speci�c problems, short
of major development projects. This type of effort may vary from fairly
fundamental applied research to quite sophisticated breadboard hard-
ware, study, programming, and planning efforts. It would thus include
investigations and minor development efforts. The dominant character-
istic of this category of effort is that it be pointed toward speci�c problem
areas with a view toward developing and evaluating the feasibility and practi-
cability of proposed solutions and determining their parameters.

3 Advanced develop-
ment

Includes all effort directed toward projects that have moved into, e.g., the
development of hardware for testing. The prime result of this type of
effort is proof of design concept and/or prototype.

4 Engineering devel-
opment

Includes those projects in full-scale engineering development for govern-
ment use but which have not yet received approval for production or had
production funds included in the budget submission for the current or
subsequent �scal year. Thus, they are characterized by major line item
projects.

5 Operational systems
development

Includes those projects still in full-scale engineering development but
which have received approval for production or production funds have
been included in the budget submission for the current or subsequent �s-
cal year.

6 Management and
support

Includes all effort directed toward support installations or operations re-
quired for general research and development. Included would be con-
struction of a general nature unrelated to speci�c programs, maintenance
and support of laboratories, operation and maintenance of test ranges,
and maintenance of test aircraft, equipment, or ships. Costs of laboratory
personnel, either in-house or contractor, would be assigned to appropri-
ate projects or program areas above.

7 Commercialization Includes all effort directed toward the transition of a product from R&D
to commercial sales and usage.

Notes: This table displays the codes corresponding to the seven stages of R&D identi�ed in federal R&D
contracts (U.S. General Services Administration, 2021b). The code represents the 4th digit of the product or
service code (PSC) used to indicatewhatwas bought for each contract action reported in the Federal Procure-
ment Data System (FPDS).
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Table D.8: Main Variables
Variable name Variable

type
Variable description

A. Dependent variables

Employees Count Number of employees employed by the focal �rm (and its es-
tablishments) in the focal year

Employee growth Continuous Percentage change in headcount from the prior year to the fo-
cal year

Sales Continuous Value (in constant 2012 $ mm) of sales reported by the focal
�rm (and its establishments) in the focal year

Sales growth Continuous Percentage change in sales from the prior year to the focal year
Number of PSC Count Number of different product and non-R&D service codes the

�rm received procurement contracts for in the focal year; R&D
service codes are excluded

Successful exit Indicator 1 if the focal �rm went public or was acquired in its �rst 10
years, 0 otherwise

IPO exit Indicator 1 if the focal �rm went public via IPO or reverse merger in its
�rst 10 years, 0 otherwise

M&A exit Indicator 1 if the focal �rm experienced an acquisition, buyout, or
merger of equals in its �rst 10 years, 0 otherwise

Venture capital raised Continuous Value (in constant 2012 $ mm) of venture capital raised by the
focal �rm (and its establishments) in the focal year

Raised any venture capital Indicator 1 if the focal �rm raised any venture capital in the focal year, 0
otherwise

Value of government sales Continuous Value (in constant 2012 $ mm) of all government contracts
awarded to the focal �rm (and its establishments) in the focal
year; sum of R&D contracts and production contracts

Value of private sales Continuous Value (in constant 2012 $ mm) of non-government sales to the
focal �rm (and its establishments) in the focal year; difference
between (total) sales and government sales

B. Independent variables

Number of R&D contracting
of�ces

Count Number of different contracting of�ces that awarded R&D
contracts to the focal �rm (and its establishments) in the focal
year

Number of R&D agencies Count Number of different agencies that awarded R&D contracts to
the focal �rm (and its establishments) in the focal year

Received R&D contracts from
2+ of�ces

Indicator 1 if the focal �rm received R&D contracts from two or more
contracting of�ces in the focal year, 0 otherwise

Diversity of contracting of�ces Continuous 1 - HHI, where HHI is the Her�ndahl-Hirschman index mea-
suring the concentration (across NAICS4 industries) in the pro-
curement portfolios of the contracting of�ces awarding R&D
contracts to the focal �rm (and its establishments) in the focal
year

Value of R&D contracts Continuous Value (in constant 2012 $ mm) of R&D contracts awarded to
the focal �rm (and its establishments) in the focal year

Value of R&D contracts, �rst 3
stages

Continuous Value (in constant 2012 $ mm) of contracts awarded for ba-
sic research, applied research, exploratory development, or ad-
vanced development to the focal �rm (and its establishments)
in the focal year

Value of R&D contracts, last 4
stages

Continuous Value (in constant 2012 $ mm) of contracts awarded for engi-
neering development, operational systems development, man-
agement and support, or commercialization to the focal �rm
(and its establishments) in the focal year

Notes:This table summarizes the main variables used in the econometric analyses.
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Table D.8: Main Variables (Continued)
Variable name Variable

type
Variable description

Received an R&D contract Indicator 1 is the focal �rm (and its establishments) received any R&D
contracts in the focal year, 0 otherwise

C. Control variables

Number of R&D contracts Count Number of R&D contracts awarded to the focal �rm (and its
establishments) in the focal year

Number of production con-
tracts

Count Number of production contracts awarded to the focal �rm (and
its establishments) in the focal year

Value of production contracts Continuous Value (in constant 2012 $ mm) of production contracts awarded
to the focal �rm (and its establishments) in the focal year

Value of grants Continuous Value (in constant 2012 $ mm) of federal grants and other as-
sistance awarded to the focal �rm (and its establishments) in
the focal year; only available for calendar years 2001-2019

Large Indicator 1 if the focal �rm-year has above-median sales compared to
other high-tech startups operating in the same SIC4 industry, 0
otherwise

Age Count Focal �rm age since its founding (in years)
High growth Indicator 1 if the focal �rm initially registered in Delaware, 0 otherwise
High VC industry Indicator 1 if the focal �rm's industry receives above-median venture

capital funding compared to other industries that year, 0 oth-
erwise

Notes:This table summarizes the main variables used in the econometric analyses.

Table D.9: Classi�cation of R&D Contracts by Major Area

Code Description
R&D contracts

(const. 2012 $ mm) Research Development
Share research
in total R&D

AD Defense Other 14,396.88 7,634.63 6,762.25 53%
AC Defense Systems 11,807.78 5,062.42 6,745.37 43%
AZ Other Research and Development 6,062.75 4,399.42 1,663.33 73%
AN Medical 3,727.20 2,304.69 1,422.51 62%
AJ General Science/Technology 2,505.15 1,366.81 1,138.34 55%
AR Space 1,995.90 1,347.83 648.06 68%
AE Economic Growth 284.11 39.86 244.25 14%
AG Energy 237.52 174.05 63.47 73%
AH Environmental Protection 233.22 169.24 63.98 73%
AB Community Service/Development 223.79 48.57 175.22 22%
AF Education 199.73 87.50 112.23 44%
AT Other Transportation 129.70 101.38 28.33 78%
AK Housing 112.56 0.81 111.75 1%
AS Modal Transportation 103.96 61.92 42.04 60%
AA Agriculture 92.82 60.00 32.82 65%
AP Natural Resource 46.17 40.63 5.53 88%
AM International Affairs and Cooperation 27.37 22.88 4.49 84%
AL Income Security 15.51 1.84 13.67 12%
AQ Social Services 11.40 2.36 9.04 21%
AV Mining 9.38 5.46 3.92 58%

Total 42,222.90 22,932.30 19,290.60 54%

Notes:This table classi�es the R&D contracts awarded to sample startups using the 20 major area R&D codes
employed by the U.S. government.
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Table D.10: Difference in Means Between Sample Firms and Other High-Tech Startups

(1) (2) (3) (4)
Mean for sample Mean for others Diff. t

Employees (#) 13.11 3.60 9.51 390.24
Sales ($ mm) 2.68 0.49 2.19 225.25
Venture capital raised ($ mm) 0.12 0.01 0.11 49.62
Raised any venture capital 0.01 0.00 0.01 203.39
Large 0.56 0.48 0.08 148.76
High growth 0.05 0.01 0.03 251.72
High VC industry 0.87 0.85 0.02 54.65

Notes:This table displays mean comparison tests for the 106,462 startups included in my analysis sample and
the 5,839,530 high-tech startups that didn't successfully engage with the government. Largeidenti�es �rm-
years with above-median sales compared to other startups operating in the same SIC4 industry. High growth
identi�es startups that initially registered in Delaware. High VC industriesidenti�es �rm-years operating in
industries with above-median funding relative to other industries in the same year. The two-sample t-tests
use unequal variances.

Table D.11: Difference in Means at Founding Between Experimenters and Others

(1) (2) (3) (4)
Mean for experimenters Mean for others Diff. t

Employees (#) 8.80 6.15 2.65 8.03
Sales ($ mm) 1.34 1.10 0.24 2.36
Venture capital raised ($ mm) 0.07 0.04 0.03 1.70
Raised any venture capital 0.01 0.01 0.01 4.01
Large 0.64 0.50 0.14 16.66
High growth 0.11 0.05 0.06 15.74
High VC industry 0.94 0.87 0.07 12.74

Notes:This table displays mean comparison tests in the founding year for the 3,623 startups that eventually
receive R&D contracts from two or more contracting of�ces in the same year (suggesting they engage in
simultaneous market experimentation) and the other 102,204 sample startups. Largeidenti�es �rm-years with
above-median sales compared to other startups operating in the same SIC4 industry. High growth identi�es
startups that initially registered in Delaware. High VC industriesidenti�es �rm-years operating in industries
with above-median funding relative to other industries in the same year. The two-sample t-tests use unequal
variances.
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Table D.12: Correlations (All Startups)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) Employees 1.00
(2) Sales 0.78��� 1.00
(3) Venture capital raised 0.02��� 0.01��� 1.00
(4) Number of R&D contracts 0.07��� 0.03��� 0.00 1.00
(5) Number of production contracts 0.07 ��� 0.05��� -0.00 0.06��� 1.00
(6) Number of R&D contracting of�ces 0.07 ��� 0.03��� 0.00��� 0.38��� 0.05��� 1.00
(7) Value of R&D contracts 0.10��� 0.05��� 0.00�� 0.31��� 0.06��� 0.33��� 1.00
(8) Value of production contracts 0.11��� 0.07��� -0.00 0.07��� 0.13��� 0.06��� 0.09��� 1.00
(9) Value of grants 0.01��� 0.01��� 0.00�� 0.00 -0.00 0.01��� 0.01��� 0.01��� 1.00

Notes:This table displays pairwise Pearson correlations for the main variables included in the empirical analyses. N = 889,805 �rm-years (except in row 9,
where N = 727,418 �rm-years). * p < 0.05 ** p < 0.01 *** p < 0.001

Table D.13: Correlations (Only R&D Contractors)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(1) Employees 1.00
(2) Sales 0.77��� 1.00
(3) Venture capital raised 0.02��� 0.01��� 1.00
(4) Number of R&D contracts 0.12��� 0.06��� -0.00 1.00
(5) Number of production contracts 0.14 ��� 0.10��� -0.00 0.07��� 1.00
(6) Number of R&D contracting of�ces 0.12 ��� 0.06��� 0.00 0.37��� 0.05��� 1.00
(7) Value of R&D contracts 0.18��� 0.10��� 0.00 0.30��� 0.07��� 0.32��� 1.00
(8) Value of production contracts 0.18��� 0.10��� -0.00 0.10��� 0.20��� 0.08��� 0.14��� 1.00
(9) Value of grants 0.02��� 0.02��� 0.00 0.01� 0.00 0.03��� 0.05��� 0.00 1.00

Notes:This table displays pairwise Pearson correlations for the main variables included in the empirical analyses for the subsample of R&D contractors. N =
146,227 �rm-years (except in row 9, where N = 114,785 �rm-years). * p < 0.05 ** p < 0.01 *** p < 0.001
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Table D.14: Market Experimentation and (Normalized) Project Failure
(1) (2) (3)

Lowproject failure High project failure Total

Received R&D contracts from 2+ of�ces Count % Count % Count %

Panel A. R&D deobligations normalized by R&D obligations
No 11,148 83% 2,212 17% 13,360 100%
Yes 2,874 79% 749 21% 3,623 100%
Total 14,022 83% 2,961 17% 16,983 100%

Panel B. R&D deobligations normalized by number of R&D contracts
No 11,341 85% 2,019 15% 13,360 100%
Yes 2,679 74% 944 26% 3,623 100%
Total 14,020 83% 2,963 17% 16,983 100%

Notes:This table provides a cross-tabulation of market experimentation and project failure for the subsample
of 16,983 R&D contractors. Project failure is identi�ed using normalizedR&D deobligations, calculated as R&D
deobligations divided by R&D obligations (Panel A) or the number of R&D contracts (Panel B). Startups were
classi�ed as having High project failure if their normalized R&D deobligations were in the �rst decile within
their four-digit SIC industry. The remaining startups were classi�ed as having Low project failure. The unit
of analysis is a �rm.
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FIGURE D.4: Frequency Distributions (Only R&D Contractors) 5

5 This �gure plots the frequency distribution of the Value of R&D contracts(Panel A) and Number of R&D
Contracting Of�ces(Panel B), at the �rm-year level, for R&D contractors. These distributions have been win-
sorized at the 99th percentile for expositional clarity.
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FIGURE D.5: Value of Production Contracts Around the Cutoff 6

FIGURE D.6: Value of Grants Around the Cutoff 7

6 This �gure plots the conditional mean value of production contracts for observations with centered assign-
ment variables in the [-50,+50] interval. It uses �rm-years with a headcount up to 50 employees smaller or
larger than the applicable employee size standard. Data are plotted in 50 bins (25 on each side of the cutoff)
using a bandwidth of 2 employees.

7 This �gure plots the conditional mean value of grants for observations with centered assignment variables
in the [-50,+50] interval. It uses �rm-years with a headcount up to 50 employees smaller or larger than
the applicable employee size standard. Data are plotted in 50 bins (25 on each side of the cutoff) using a
bandwidth of 2 employees.
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