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Abstract

When firms engage in lobbying, their intended outcome is a regulatory change that
benefits them. However, prior literature suggests that there may also be an unintended
outcome of lobbying—the leakage of knowledge to competitors. In this paper, I explore
when the intended and the unintended outcomes are more likely by theorizing about
the relationship between lobbying and innovation. I predict that innovations that
are novel are more likely to benefit from the intended regulatory changes. However,
innovations that use knowledge uniquely possessed by a few firms are more likely to
be compromised by the leakage of knowledge that happens during lobbying. I use new
data from 1999-2013 on public U.S. firms that engaged in lobbying to federal agencies,
the regulatory changes made by federal agencies, and the 16,000 patents applied for by
those firms. I employ unsupervised machine learning (Doc2Vec) to measure knowledge
leakage and an instrumental variable 2SLS mediation analyses to test the theory. The
results suggest that the intended regulatory changes that follow lobbying can benefit
innovations by facilitating wider adoption. However, unique technological knowledge
that only a few firms possess may be expropriated by competitors during the process
of lobbying. Overall, this paper demonstrates that fundamental aspects of innovation—
such as institutional change, knowledge transfer, and technology adoption—are closely
related to lobbying, a form of nonmarket activity.
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Introduction

The nonmarket literature has noted that firms often try to change their institutional environ-

ments (Hillman & Hitt 1999, Dorobantu, Kaul & Zelner 2017, Funk & Hirschman 2017). One

of the activities through which firms attempt to directly shape the regulatory environment is

lobbying (De Figueiredo & Richter 2014, Jia 2018, Bombardini & Trebbi 2020). Lobbying can

be understood as the act of strategically providing information to policymakers in order to

be involved in the process of changing regulations (Grossman & Helpman 2001, Baumgartner,

Berry, Hojnacki, Leech & Kimball 2009, De Figueiredo 2002). Policymakers are often unable

to keep up with the latest developments in the industry (e.g., Funk & Hirschman 2014). By

delivering key information to policymakers, firm lobbying can direct their attention to current

issues of an industry (Bernstein 1955, Jones 1999, 2003). Prior literature has shown that

regulatory changes made by policymakers can facilitate the introduction of new firms and

products into an industry (Haveman 1993, Russo 2001, Hiatt & Park 2013). Therefore, firms

from time to time likely engage in lobbying with the intention of changing regulations in

ways that support their new activities.

However, there is also likely to be an unintended outcome of lobbying. Lobbying involves

firms exchanging various information with competitors, lobbyists, as well as policymakers.

During this process, firms may unintentionally leak knowledge to competitors (De Figueiredo

& Tiller 2001, De Figueiredo & Kim 2004). Prior research has observed the unintentional

leakage of knowledge in other related contexts where various parties within an industry

interact and share information, such as venture capital fundraising (Cox Pahnke, McDonald,

Wang & Hallen 2015), corporate investments in entrepreneurial ventures (Katila & Chen

2008, Dushnitsky & Shaver 2009), and mergers and acquisitions (Rogan 2014, Rogan &

Sorenson 2014). In particular, the leakage of knowledge to competitors has been closely

documented in the standard setting organizations literature (“SSO”) (Toh & Miller 2017,

Ranganathan, Ghosh & Rosenkopf 2018, Jones, Leiponen & Vasudeva 2020)—where firms

2



also try to collectively change institutions as they do in lobbying. When valuable knowledge is

leaked, competitors may expropriate the knowledge which can be costly for the compromised

firm (Cox Pahnke et al. 2015, Toh & Miller 2017). Therefore, knowledge leakage is a potential

cost for firms that engage in lobbying.

This suggests that lobbying is a double-edged sword. On the one hand, lobbying could

lead to the intended regulatory changes that support firms’ new activities. On the other hand,

knowledge may unintentionally leak to competitors during lobbying. Overall, it remains

unclear when firms are more likely to gain from the intended benefit and when they may lose

out from the unintended cost of lobbying.

In order to explore these dual effects of lobbying, I develop a theoretical framework on

lobbying and innovation. I choose to focus on innovation because both the intended and

unintended effects of lobbying are likely to be consequential for firms’ new technologies. Prior

literature has identified institutional change as a significant factor for the extent to which an

innovation becomes widely adopted in the market (Anderson & Tushman 1990, Tushman

& Rosenkopf 1992, Hargadon & Douglas 2001). Likewise, existing literature has recognized

that knowledge leakage can be critical for the potential value of a new technology (Katila &

Chen 2008, Katila, Rosenberger & Eisenhardt 2008, Toh & Miller 2017). Given such close

associations between the two lobbying outcomes and innovation, I investigate lobbying and

its effects on firm innovations. I develop a theory to identify innovations that are likely to

benefit from regulatory changes and other innovations that may lose out from knowledge

leakage.

Based on this theory, I make two predictions. The first prediction is about which

innovations are likely to gain from the intended outcome of regulatory change. Regulatory

changes can reduce the uncertainty of new technologies (e.g., Hargadon & Douglas 2001,

Sine & Lee 2009, Navis & Glynn 2010). New technologies that are more novel are likely

to face higher uncertainty (Fleming 2001). Accordingly, I predict that novel innovations

are more likely to benefit from lobbying and the resulting regulatory changes. The second
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prediction is about which innovations are likely to be compromised by the unintended

outcome. Technological knowledge that is already widely used throughout the industry,

when leaked during lobbying, is unlikely to be of much interest to competitors. In contrast,

when technological knowledge possessed only by a few exclusive firms is leaked, because the

knowledge is likely new to most competitors, many may seek to expropriate it. Therefore, I

hypothesize that innovations that are technologically unique are more likely to be negatively

affected from lobbying. Overall, I argue that the characteristics of an innovation is likely to

determine if lobbying will tend to increase or decrease the extent to which an innovation

becomes adopted in the market.

I organize the presentation in the following manner. I first provide some background

information on lobbying and regulatory changes that are relevant to the framework. Sub-

sequently, I unpack the intended and unintended outcomes of lobbying. Based on these

theoretical insights as well as interviews I conducted with lobbyists, federal agency employees,

and policy experts, I present the two hypotheses. Finally, I test these hypotheses using a

novel, complete dataset from 1999-2013 on public U.S. firms that engaged in lobbying to

federal agencies, the regulatory changes made by the corresponding federal agencies, and the

16,000 patents granted to those firms. Using text analysis and machine learning (Doc2Vec), I

directly measure regulatory change and knowledge leakage. I find general support for my

predictions based on a 2SLS instrumental variable approach.

This paper makes theoretical contributions to both the nonmarket and innovation litera-

tures. I demonstrate that fundamental aspects of innovation—institutional change, knowledge

transfer, and technology adoption—can be instigated by lobbying, a nonmarket activity.

This insight establishes a direct connection between the innovation and corporate political

action literatures for the first time.1 Furthermore, this paper contributes to each of the the

nonmarket and innovation literature in additional ways. With respect to the nonmarket

1Flammer & Kacperczyk (2019) could be considered a paper that previously explored the relationship
between nonmarket activities and innovation outcomes. However, the paper focused on firms’ corporate social
responsibility (e.g., stakeholder orientation) rather than corporate political activity (e.g., lobbying).
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literature, this paper sheds light on the process of lobbying, which had been treated as

a “blackbox.” Prior work on lobbying in the management field tended to focus only on

the inputs (e.g., lobbying expenditure or the decision to hire lobbyist) and firm outcomes

(e.g., contract value or regulatory decisions) (e.g., Raffiee 2017, Barber IV & Diestre 2019,

Kim 2019, Diestre, Barber IV & Santaló 2020, Shi, Gao & Aguilera 2021). In contrast, I

directly explore the inputs (lobbying amount), intermediary processes (regulatory changes and

knowledge leakage), and the firm outcomes (innovation adoption). These insights are essential

to advance our understanding of the mechanisms underlying corporate political activities. I

also contribute to the innovation literature by showing that different characteristics of new

technologies influence how they are affected by political processes firms choose to engage

in. Overall, this paper represents one of the first attempts to directly explore the politics of

innovation—the intersection between nonmarket strategy and innovation (e.g., Park & Funk

2020).

Theory

Before exploring in detail how the outcomes of lobbying are associated with the adoption

of different types of innovations, I need to establish that there are lobbying and regulatory

changes relevant for innovation adoption. The lobbying and regulatory change relevant for

the adoption of innovations would define the scope of my theory. Therefore, I now present

the arguments as to why this particular type of lobbying and regulatory change are likely to

exist and thereby spell out the scope of my theory.

Lobbying can be undertaken for a variety of different purposes other than to change

regulation. For example, lobbying can lower effective tax rates (Richter, Samphantharak &

Timmons 2009), increase the value of government contracts (Ridge, Ingram & Hill 2017),

as well as influence judicial confirmations (Caldeira & Wright 1998). Similarly, regulations

change for reasons other than due to lobbying. For example, regulations change because of

environmental concerns (Porter & Van der Linde 1995), in order to increase competition in a
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stale industry (Haveman, Russo & Meyer 2001), or to reign in excessive risk taking (Jia, Gao

& Julian 2020). The aim of this paper is to understand the relationship between lobbying

and the adoption of innovations. In order to do so, based on the following prior literatures I

make the claim that there exists a particular set of lobbying efforts and regulatory changes

that are closely related to each other due to their shared intention to influence the adoption

of innovations.

Existing literature on lobbying suggests that firms often engage in lobbying with the

intention to positively influence their innovations. For example, pharmaceutical companies

have been shown to lobby federal agencies to advocate for favorable regulatory decisions on

new drugs (e.g., Barber IV & Diestre 2019, Diestre et al. 2020). The innovation literature

also suggests that regulatory changes can benefit innovation in different ways. In particular,

regulations can positively influence the extent to which a particular new technology becomes

widely adopted in the market over competing ones. (Hargadon & Douglas 2001, Anderson &

Tushman 1990, Tushman & Rosenkopf 1992, Teece 1986). These findings from prior literature

imply that there are lobbying efforts intended to change regulation in ways that are supportive

of innovations and at the same time that there are regulatory changes that can be made to

be supportive of the adoption of certain innovations. Put together, it seems reasonable to

assume that at least some of the lobbying efforts undertaken by firms is to change regulation

in ways that increase the adoption of their innovations in the market. Consequently, in this

paper I theorize specifically about this type of lobbying and regulatory changes intended to

increase the adoption of innovations.

In what follows, I explain how firms are able to change regulation in such ways via

lobbying. I then argue which type of innovations are more likely to benefit from such lobbying

efforts. Then I consider which innovations are likely to unintentionally lose out from those

same lobbying efforts.
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The intended outcome of lobbying

Regulatory changes

In order to change regulations in intended ways, firms must enlist the help of policymakers

who have the ability to change regulations. The first step to recruiting policymakers is

drawing their attention to the firm’s issues. However, given the limited cognitive capacity of

policymakers, their attention is known to be very scarce (Baumgartner et al. 2009, Simon

1947), especially with the increase in the size of the government in recent years (e.g., Lott

2000) as well as the growing complexity of regulations (e.g., McLaughlin, Sherouse, Febrizio

& King 2020, Davis 2017, Drutman 2015). Furthermore, regulations tend to evolve around

ongoing activities of firms rather than new ones such as innovations (Stigler 1971, Hargadon &

Douglas 2001). Therefore, even if policymakers are interested in supporting new technologies

of the industry, they are unlikely to understand new technologies well enough to know what

regulatory changes may be needed.

Conversely, firms are involved in the nexus of industry regulations and their own new

technologies on a daily basis. Furthermore, they are often willing and ready to conduct

additional research to gather additional information that can be helpful for shaping the

regulatory environment in ways that are beneficial for themselves (Grossman & Helpman

2001, Drutman 2015). In this way, firms are likely better-equipped with information about

what regulation is potentially beneficial to their own new technologies. Lobbying is a direct

way in which firms can relay this type of information to policymakers (Grossman & Helpman

2001, Baumgartner et al. 2009, Bombardini & Trebbi 2020). Therefore, firms will often lobby

for a set of regulatory changes by delivering key pieces of information to policymakers. This

informational role of lobbying is illustrated in the following quote from an interview with a

lobbyist in the energy sector.
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“New technologies, products, and business models often do not fit within the existing

regulations. Therefore, regulations tend to lag behind. Lobbying is one of the ways in which

the industry can help inform policymakers about new regulatory models needed for changing

business models.”

In this way, firms of an industry use lobbying to relay information to policymakers

with the intention of changing regulations. Many other lobbyists relayed similar ideas that

informational lobbying is often used to change regulations to help accommodate their new

activities. Therefore, the intention behind some of the lobbying that firms undertake is likely

closely tied to new technologies.2

However, at times within an industry, firms may not always want to provide consistent

information to the policymakers of the industry. For example, firms may want different

regulatory changes because competitors are pursuing innovations that would benefit from

different policy changes. In such cases, individual firms may possibly want to simultaneously

ask for conflicting regulatory changes from a policymaker. However, there is little empirical

evidence to suggest that individual lobbying can effectively change regulation that applies to

a collection of firms such as an entire industry.3 This is largely because firms are more likely

to be successful in garnering the attention of policymakers for a regulatory change when a

collection of lobbying interests provide consistent information to policymakers. (e.g., Yackee

& Yackee 2006, McKay & Yackee 2007, Hojnacki 1997, Bonardi, Holburn & Vanden Bergh

2006). For this reason, even lobbying groups that have competing interests have been shown

to compromise and cooperate to bring upon regulatory changes that those organizations can

collectively benefit from (e.g., Salisbury 1990, Hula 1999, Holyoke 2009). Therefore, when

firms of an industry seek regulatory changes that can benefit their innovations, they tend to

seek a consistent set of regulatory changes most firms can benefit from.

2Appendix A row 2 and 3 provide additional examples of this specific relationship between lobbying and
new pproducts shared by a policy expert from Silicon Valley and lobbyist in the defense industry, respectively.

3Appendix A rows 1 provides an anecdote shared by an insurance industry lobbyist which describes how
individual lobbying efforts to change regulations can often fail.
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Novelty of innovations

The preceding argument suggests that firms lobby for regulatory changes that benefit their

innovations by providing information to policymakers. Yet, it is unclear what type of

regulatory change can support firms’ new technologies. Thus, I now focus on a dimension

of new technologies that may be important to consider for thinking about what type of

regulatory changes can benefit innovations.

Innovations vary in the extent to which they are novel (Rosenkopf & Nerkar 2001, Fleming

2001, Kaplan & Vakili 2015). The novelty of an innovation is closely associated with the

combination of its technological components—conceptual ideas or physical objects used to

create the innovation (Fleming 2001). Specifically, innovations that use more new components

are likely to be higher in novelty (Fleming 2001, Rosenkopf & Nerkar 2001). This characteristic

of innovations may be an important factor in determining what type of regulatory change

can be beneficial for new technologies.

As mentioned, regulatory environments evolve around things that exist rather than things

that have not come into existence yet (Stigler 1971, Hargadon & Douglas 2001). Existing

technological components used in less novel innovations are therefore likely to be already

incorporated into the regulatory environment to some degree. Conversely, new technological

components of novel innovations are unlikely to be incorporated. Prior literature suggests

that novel innovations are inclined to initially face uncertainties that inhibit their adoption

(Hargadon & Douglas 2001, Navis & Glynn 2010, Sovacool 2009, Sine & Lee 2009). Conse-

quently, a regulatory change that incorporates new components into the regulations for the

first time potentially represents an important type of regulatory change for novel innovations.

I argue that novel innovations are likely to face uncertainty across three dimensions: political,

economic, and technological. Then I illustrate how a subsequent regulatory change can

alleviate these uncertainties and increase the adoption of these innovations.

Because new technological components fall outside the scope of existing regulation, there

is likely to be political uncertainty regarding the technologies that use the new components.
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Initially, innovations using new technological components, such as satellite radio, lack legiti-

macy (Navis & Glynn 2010). Political recognition in the future may help the technology gain

some legitimacy. However, until then, potential adopters of the technology will be unsure

if the technology will ever become institutionalized (DiMaggio & Powell 1983). Given the

importance of the political environment for new technologies (Tushman & Rosenkopf 1992,

Anderson & Tushman 1990), without the assurance that the technology may gain legitimacy in

the future, adoption of the technology is likely to be low. Novel innovations may also initially

face economic uncertainty. For example, when renewable energy technologies were being

introduced for the first time, the components of renewable technologies did not fit neatly into

the existing regulatory framework (Sine & Lee 2009, Sovacool 2009). This created uncertainty

about the economics of renewable technologies. For example, there were inconsistent tax

credit policies and a lack of regulatory guidance on what price the renewable energy should

be sold for (Sovacool 2009). This contributed to the failure of renewable energy technologies

becoming widely adopted early on (Sovacool 2009, Sine & Lee 2009). In addition to political

and economic uncertainty, there may also be technological uncertainty. For example, at the

time when the innovation of electricity light was being introduced, there was uncertainty

about what configuration of the technology would be available in New York City. Edison

wanted to install the new technological components—such as electric wires—underground,

just like other existing utility technology components—such as gas pipes and water pipes

(Hargadon & Douglas 2001). However, only components of technology that were considered to

be a utility according to the existing regulations were allowed to be installed underground in

New York City (Hargadon & Douglas 2001, Silverberg 1967). Initially, it was unknown if and

when the novel innovation of electricity light would be considered a utility by the regulators

(Hargadon & Douglas 2001, Silverberg 1967). This created uncertainty regarding what exact

form of electricity light technology would be available for adoption. Edison believed the

possibility that the electric wires may not be able to be installed underground would be a

key barrier against the wide adoption of electricity light technology (Hargadon & Douglas
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2001, Silverberg 1967). Thus, overall novel innovations can face political, economic, and

technological uncertainties due to the technological components lying outside the existing

regulatory framework, and this tends to have a negative influence on the market’s adoption

of the new technologies.

However, subsequent regulatory changes may reduce the uncertainty by introducing the

new technological components into the regulatory framework. Regulatory changes can expand

the scope of the regulatory environment by bringing new components into the regulatory fold.

Such changes can reduce the uncertainty of novel innovations providing political, economic,

and technological information. For example, regarding political uncertainty, the regulatory

change of the Federal Communications Commission (FCC) around 1995 to allocate frequency

spectrum for a new digital audio radio service (DARS) contributed significantly to the

legitimization of satellite radio technology. The regulatory change was specifically designed

to regulate satellite radios for the first time (Navis & Glynn 2010). DARS set the regulatory

criteria on things such as the broadcasting frequency coordination, bringing into the regulatory

fold a new combination of S-band antennas, receivers, and chipsets that handle frequencies

between 2-4 gigahertz, which the regulation set aside for satellite radios (Navis & Glynn 2010).

In doing so, DARS added satellite radio technology into the existing regulatory framework of

the FCC, giving it some legitimacy, reducing satellite radio’s political uncertainty stemming

from novelty. Regarding economic uncertainty, the passage of the National Energy Act in

1978—created to directly regulate the emerging technology of renewable energy in a consistent

manner—provided much needed clarity on how renewable energy would be taxed and priced,

reducing economic uncertainty (Sine & Lee 2009, Sovacool 2009). In addition, the legislation

resulted in the addition of the provisions around “qualified facilities” into the regulatory

environment, which provided for the first time, detailed regulatory guidance on how renewable

energy facilities should operate (Sine & Lee 2009, Sovacool 2009). Finally, regulatory changes

can also reduce uncertainty about the technological form. For example, the regulatory change

which recognized the electric light technology as one of the utility technologies eventually
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helped to standardize the technology, leading to a reduction in uncertainty regarding what

form of electricity light technology would be available (Granovetter & McGuire 1998).

In this way, the uncertainty that innovations face can be reduced by regulatory changes,

subsequently increasing the adoption of those innovations. Novel innovations tend to face

higher uncertainty because they are more likely to use new technological components that

are not incorporated in the existing regulations. Conversely, less novel innovations are less

likely to use new components. Therefore, novel innovations, when compared to less novel

ones, are more likely benefit from regulatory changes which incorporate new technological

components into the regulatory environment. Informational lobbying is a way in which firms

can bring upon such changes to the regulatory environment. This discussion leads to the

following prediction about the intended outcome of lobbying:

Hypothesis 1. Regulatory change that results from lobbying is more likely to have a positive

effect on the adoption of innovations that are higher in novelty compared to innovations lower

in novelty.

The unintended outcome of lobbying

Leakage of knowledge

I have argued that regulatory changes that result from lobbying can have a positive association

with the adoption of novel innovations that use new technological components. However,

when firms lobby with the intention of benefiting their new technologies, there may be other

outcomes that transpire in addition to the supportive regulatory change. Lobbying entails

interaction among lobbyists and policymakers to facilitate industry lobbying efforts that can

deliver desired regulatory changes (Carpenter, Esterling & Lazer 2004, Fernandez & Gould

1994). The interactions among lobbyists and policymakers may have some other consequences

for firms and their innovations. In order to assess this possibility, I first explore the dynamics
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underlying lobbying efforts. Then I consider if and how these dynamics may ultimately

influence specific innovations.

For firms of an industry to successfully gain the attention of policymakers, they need

to lobby for a consistent set of regulatory changes as an industry. In order to do so, firms

need to understand how others’ innovations will benefit from specific regulatory changes.

Individual firms in the industry are likely not completely aware of what innovations others in

the industry are pursuing (Jones 1999). Therefore, initially firms are likely unclear about

which innovations they should lobby for as an industry. Prior literature has suggested that

the interactions among lobbyists from different firms and policymakers are a key process

through which firms can cooperatively share information (Carpenter et al. 2004, Fernandez

& Gould 1994). These interactions can largely be characterized as a cooperative effort to

identify a set of regulatory changes that would benefit a large number of firms in the industry

(Laumann & Knoke 1987).

However, a competitive dynamic will likely exist in addition to the cooperative one during

the same lobbying process. Prior literature suggests that even though the formal procedures

are designed to encourage competitors of an industry to cooperatively establish rules, com-

petitive dynamics persist during the lobbying process (Drutman 2015, Holyoke 2009). In

SSOs, although a cooperative procedure exists to establish technological standards, firms

often act on their competitive nature by exploiting opportunities that arise during the process

(Ranganathan et al. 2018, Jones et al. 2020). For example, when firms are required to disclose

technological knowledge, competitors may expropriate the new knowledge that is revealed

(Toh & Miller 2017). Recent research has highlighted a similar process of expropriation during

litigation where competing firms have to disclose detailed knowledge about their patented

technologies (Awate & Makhija 2021). For such competitive dynamics to play a significant

role during lobbying as it does in SSOs and litigation, the lobbying process must also provide

opportunities for firms to act on their competitive nature. Lobbying does not typically

require disclosure of technological knowledge. However, firms have expressed that mere verbal
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interactions with competitors are effective ways in which firms can gain knowledge about

competitors’ innovations (Levin, Klevorick, Nelson, Winter, Gilbert & Griliches 1987, p806).

Also, the inadvertent leakage of knowledge to competitors during intraindustry interactions

has been documented in a variety of other settings—during fundraising among startups in

the medical device industry (Pahnke, Katila & Eisenhardt 2015), corporate investments

in entrepreneurial ventures (Dushnitsky & Shaver 2009), and mergers and acquisitions be-

tween advertising firms (Rogan 2014)—where disclosures to competitors are not formally

required. Firms have also expressed that the leakage of knowledge during lobbying is a concern

for them (De Figueiredo & Tiller 2001, De Figueiredo & Kim 2004). Therefore, sensitive

technological knowledge may leak during the lobbying process. In this vein, a lobbyist I in-

terviewed explained the different channels through which leakage often occurs during lobbying.

“You can learn a lot about other companies in the industry through lobbying. Just by

talking with lobbyists from other companies, you learn about their longterm strategies. There

are other ways in which even more sensitive information may travel. For example, I may

choose to share more sensitive things with other lobbyists that I trust deeply. In addition,

in-house lobbyists often employ the same political consultants. We have to occasionally share

sensitive details with outside consultants in order to enlist their help with advocacy campaigns

on the Hill, and that comes with the risk that these political consultants may choose to reveal

some of these details to their other clients depending on the circumstances.”

Alongside evidence from prior literature, this quote suggests that opportunities for firms to

act on their competitive nature—in the form of knowledge leakage—may present themselves

in the lobbying process.4 Although lobbyist will likely not voluntarily reveal sensitive

knowledge and are not required to, the lobbying process often entails sharing some sensitive

4Appendix A row 4 and 5 provide additional examples of the risk of knowledge leakage based on interviews
with a policy expert from Silicon Valley and a federal agency employee in the transportation industry,
respectively.

14



knowledge, especially with consultants that are hired for outsourced lobbying efforts. The

lobbyist implies that oftentimes, this can lead to the sensitive knowledge leaking eventually

to other competitors the lobbyist did not intend to reveal the knowledge to. Therefore,

unintended knowledge leakage represents an opportunity that competitors may expropriate

during lobbying. 5

Uniqueness of innovations

I now consider which innovations may be more susceptible to the expropriation that can

result from the leakage of knowledge. Just as innovations vary in the extent to which they

use new technological components, innovations may vary in the extent to which they use

unique technological components. For example, certain technological components may be

widely understood within the industry and thus commonly used by many firms in their

innovations. Other technological components may be understood only by a few firms and

thus uniquely used in a few innovations of those firms. The latter represents innovations that

are higher in uniqueness than the former. I now argue that such variation in the uniqueness of

innovations is likely to play a critical role in determining which innovations’ are expropriated

by competitors.

Innovations lower in uniqueness that rely on commonly used technological components

are less likely to be susceptible to expropriation. Because most firms are already familiar

enough with the technological components to use them, there is likely to be little knowledge

associated with these innovations that other firms do not already possess (March 1991, Katila

& Chen 2008). Therefore, even though knowledge leakage about these innovations can happen

during the lobbying process, it is unlikely to lead to expropriation. Conversely, most in the

industry are likely to lack knowledge about unique innovations because the technological

components used in these innovations are only familiar enough to the few firms who are

5In the same spirit, prior literature has considered lobbyists to be conduits of information for firms
(Raffiee 2017, Lambert 2019, Drutman 2015, Potters & Van Winden 1992, Austen-Smith 1994, Bennedsen &
Feldmann 2002, Bertrand, Bombardini & Trebbi 2014).
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able to incorporate the components into new technologies. In general, firms are likely more

interested in obtaining knowledge that they do not already possess than ones that they do

(e.g., Rosenkopf & Almeida 2003, Katila et al. 2008) because firms can use new knowledge to

create novel combinations for subsequent innovations (Fleming 2001, Fleming & Sorenson

2004). This implies that if leakage regarding unique innovations were to happen, competitors

are more likely to try to expropriate the knowledge (Toh & Miller 2017). Such unintended

leakage and expropriation by competitors can have a negative impact on the innovation

that is compromised (Cox Pahnke et al. 2015, Myles Shaver & Flyer 2000). In particular,

competitors may use the knowledge to create substitute innovations or improved versions

of the same innovation. This will likely have negative consequences for the focal innovation

because potential users of the focal innovation may now simply adopt the competitors’ version

of the technology instead. This implies that the unintended effect of lobbying is more likely

to have a detrimental effect on the adoption of innovations higher in uniqueness compared to

ones lower in uniqueness.

Hypothesis 2. Knowledge leakage that results from lobbying is more likely to have a negative

effect on the adoption of innovations that are higher in uniqueness compared to innovations

lower in uniqueness.

Appendix B provides a visualization of the theoretical framework and its hypotheses

presented in this paper.

Methods

Data

The data used to test the hypotheses consists of three major parts: lobbying, regulation, and

patent data. I obtained the lobbying variables from the lobbying report-level data available on

Lobbyview (Kim 2018). This includes all details from 1999 to 2020 that registered lobbyists

are required to file on a quarterly basis (Kim 2018). In essence, this contains all of the
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information on federal lobbying activities in the United States during this time period. With

respect to the aims of this paper, the Lobbyview data provides information on the client

of the lobbyist (e.g., firms that engaged in lobbying) as well as the specific branches of the

federal government that was targeted by the lobbying client (e.g., specific federal agencies).

I focused on lobbying reports that had been assigned a GVKEY in the client field, which

indicates that a U.S. public firm was behind the lobbying effort.

RegData includes all data on federal regulations in the Code of Federal Regulations (“CFR”)

from 1970 to 2020, a document published yearly by the federal government which lists federal

regulations from all agencies and thus covers every industry (Al-Ubaydli & McLaughlin

2017, McLaughlin & Sherouse 2018, 2019, McLaughlin et al. 2020). Although the CFR is

exhaustive in its listing of federal regulations, it does not list the regulations according to

which federal agency is behind the particular regulation. The CFR is organized according to

a set of “titles” and subcomponents of titles called “parts.” Al-Ubaydli & McLaughlin (2017),

McLaughlin & Sherouse (2018, 2019), McLaughlin et al. (2020) matched each part within

titles to federal agencies depending on how relevant that regulation is to the official purview

of different federal agencies.6 This results in a dataset that tracks the regulation set by each

regulatory agency over time. I manually crosswalked the federal agency information provided

in RegData with the Lobbyview data. This allows me to observe how much lobbying was

directed towards specific federal agencies and the changing regulatory environment under the

purview of those agencies across time.

In addition, I supplemented RegData with hand collected data from the Federal Register

API (“FR”). This contains information on what category of regulatory change was made

by each agency from 1994 to 2020 based on its own classification system. For example,

using the data from the FR, I am able to distinguish federal agencies that made regulatory

changes regarding “Science and Technology” from others that did not make any regulatory

6The matching of parts of the CFR to federal agencies is not a one-to-one match, but a probabilistic
match. In other words, a part of the CFR is often associated with multiple agencies. This makes sense
because the titles and parts often correspond to a specific industry, and an individual industry is likely to be
influenced by the regulation of multiple federal agencies.
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changes relevant to “Science and Technology” in a particular year.7 Therefore, using RegData

alongside FR, I am able to identify which agencies at which point in time made regulatory

changes relevant to the industry’s innovations.

With the lobbying and regulation data in hand, I now added patent data. I obtained

data on U.S. patents from Funk & Owen-Smith (2017) and the United States Patent and

Trademark Office’s Patents View database. The Funk & Owen-Smith (2017) data contains

the CD index measure for patents granted between 1976 to 2013 (additional information

about the CD index is provided in the independent variable section as well as Appendix F).

The CD index is used to measure the novelty of patents. The patent office data includes the

abstract text of each patent and citations among all patents from 1976 to the present. The

abstracts of patents are used to measure knowledge leakage and the uniqueness of patents.

The citation data is used to track the number of forward citation a patent receives. In order

to focus only on patents that had been granted to public U.S. firms engaged in lobbying,

I focused on the subset of patents that had been matched to a public U.S. firm (based on

PERMNO) by Kogan, Papanikolaou, Seru & Stoffman (2017).

In order to combine the agency-by-year data (i.e., lobbying and regulation data) with

the patent data, I first transformed the agency-by-year data to a NAICS six-digit-by-year

structure using the crosswalk provided in RegData (McLaughlin, Sherouse, Francis, Gasvoda,

Nelson, Strosko & Richards 2017). Then based on the crosswalk between NAICS and CPC

patent classification found in Lybbert & Zolas (2014), I matched the NAICS six-digit-by-year

data to the patent data based on each patent’s CPC classification and application year.8

I crosswalked the data at the most granular level possible, which is the CPC group level,

to preserve variation in the lobbying and regulatory environment that likely exists across

7The other categories are “Business and industry,” “Environment”, “Health and public welfare”, “Money”,
and “World”.

8Both matches here are again probabilistic matches. This adds credence to the dataset overall since a
group of technologies are likely influenced not only by regulation from a single agency but by regulations
from multiple agencies. In other words, these probabilistic matches are more likely to result in a dataset that
captures all the relevant regulatory changes for a group of patents than a deterministic one-to-one matching
scheme.
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different industries. This implies that I observe variation in lobbying and regulatory changes

at the CPC-group-by-year level. I also added firm-level controls available for public companies

from Compustat (e.g., revenue). This final dataset captures, for each patent for each year,

how much lobbying was done by the industry and the firm that was granted the patent, the

resulting regulatory changes, and the number of forward citations the patents receive. Given

that the lobbying data is available from 1999 and that the CD index is available up to patents

granted in 2013, my dataset ranges from 1999 to 2013. Appendix C provides a visualization

of how the dataset was constructed.

Dependent Variable

Adoption (log) In order to measure the extent to which an innovation is adopted in the

market, I index how many new forward cites a patent receives each year. In the innovation

literature, forward citations is a commonly used metric to proxy the degree to which the

patent is adopted by future technologies (e.g., Fleming 2001, Hall, Jaffe & Trajtenberg 2005,

Jaffe, Trajtenberg & Henderson 1993, Funk & Owen-Smith 2017). Prior literature suggests

that the adoption of innovation is closely related to the regulatory environment (Anderson &

Tushman 1990, Tushman & Rosenkopf 1992, Teece 1986), suggesting that I should be able to

test my hypotheses regarding lobbying and innovation using the number of forward citations.

I log transform the measure to account for distributional skewness and diminishing effects of

large counts.

Independent Variables

Lobbying to agency (log) The report-level data on Lobbyview includes information

on the client of the lobbyist (e.g., the firm that employees the lobbyist). Lobbyview has

matched the client information, where applicable, to a GVKEY (Kim 2018). I focus on the

set of lobby reports that include a GVKEY, which should cover all the lobbying that is done

by public firms. In addition, the lobbying reports provide information on which branch of
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the government was lobbied during the year. I focus only on lobbying that targeted federal

agencies (e.g., Barber IV & Diestre 2019, Ridge et al. 2017). This is because the federal

agencies are the ones that are responsible for instituting changes in the federal regulations

that are most directly relevant for industries (e.g., Ozcan & Gurses 2018, Igan, Mishra &

Tressel 2012, Ridge et al. 2017). I only consider the lobbying efforts directed to agencies that

made regulatory changes relevant to “Science and Technology” according to the FR. This is

done in order to focus on lobbying efforts relevant for firms’ innovations. I sum the dollar

amount each agency was lobbied within a year at the CPC group level.9 This results in a

dataset that indexes how much each federal agency was lobbied by groups of public U.S.

firms that patent in a CPC group. Although the amount of time it takes for lobbying to

lead to regulatory changes is likely to vary, the general consensus is that it is not immediate

(Baumgartner et al. 2009, Drutman 2015). Therefore, most studies that use lobbying as an

explanatory variable lag the variable one year (e.g., Richter et al. 2009, Diestre et al. 2020),

which I follow. I also log transform the measure to account for distributional skewness and

diminishing effects of large values.

Regulatory change (log) RegData provides textual measures for each part of the

CFR to capture changes in the regulations (McLaughlin et al. 2017). In order to track the

regulatory change for each industry, I focus on the number of words in the parts of the CFR

linked to each industry. For the regulatory environment to incorporate new technological

components and reduce uncertainty, regulations will have to provide details on how these

new technological components will be regulated. Therefore, as regulatory changes reduce

uncertainty of innovations that use new technological components, they will tend to become

longer. However, longer regulatory text may also capture changes in the regulations that

are not necessarily expanding the scope of regulated technological components, but also

restrictions that prohibit certain technologies (e.g., environmentally detrimental technologies).

9Note that a lobbyists may lobby multiple federal agencies in a given year for a client, which means that
a single lobbying report may be associated with lobbying across multiple agencies. In such cases, I divide the
dollar amount by the number of targeted entities that the report lists.
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These restrictive regulatory changes may also require wordy explanations about which

technologies are prohibited. In order to exclude such narrowing of regulatory scope from

this measure, I exclude from the count specific words that have been flagged by RegData as

vocabulary used in restrictive regulations.10 This count of words should capture the extent

to which the scope of regulations are becoming broader in general. Thereafter, to focus on

the broadening of regulations relevant for new technologies, I only count parts of the CFR

relevant to agencies that make regulatory changes categorized as “Science and Technology”

(according to the FR) in a particular year. This should correspond closely to the degree to

which the regulatory change is encompassing of new technological components of the industry

each year. I log transform the measure to account for distributional skewness and diminishing

effects of large counts.

Knowledge leakage (log) To measure the extent to which knowledge about an

innovation is leaked, I utilize a novel deep learning methodology, Doc2Vec.11 Based on the

abstract of each patent, I use the deep learning method to count how many patents of other

lobbying firms expropriate an extremely large portion of the knowledge embodied in the text

of a focal patent.

According to prior literature, the technological knowledge used to create innovations

reside in the technological components used (Fleming 2001). This implies that if two

patents are based on a similar set of technological knowledge, they likely use a similar set of

technological components. Abstracts of patents have been used in prior studies to understand

the underlying technologies of patents (e.g., Kaplan & Vakili 2015, Arts, Cassiman & Gomez

2018). Therefore, I measure the similarity in technological components used in patents by

comparing the similarity of their abstracts. In particular, I focus only on the nouns found

10RegData identifies instances of “prohibited,” “shall,” “may not,” “must,” and “required.” These words
represent the standard set of legal verbs and adjectives used in constraining regulatory text within the CFR
(Al-Ubaydli & McLaughlin 2017, McLaughlin & Sherouse 2018, 2019).

11I conducted most of the computations for Doc2Vec using the Gensim package on Python (Rehurek &
Sojka 2010).
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in the abstracts because technological components are physical objects or conceptual ideas,

which are most likely to be represented by nouns (Arthur 2021).12

Intuitively, using the deep learning method, I am able to measure the meaning of each

noun based on the nouns that appear close to the particular noun across all patent abstracts.

Inferring the meaning of a word based on other words that are used close to it is grounded

in an established theoretical perspective in linguistics (Miller & Charles 1991). Using this

approach I am able to capture the meaning of each noun with vectors—or the technological

knowledge embodied in each technological component—-as they appear in the original text. I

accomplish this without imposing any presumptions, such as the number of categories of text

I expect to find, which is required for other text procedures (e.g., Latent Dirichlet Allocation).

This represent a significant advantage of Doc2Vec in assessing the similarity across a large

number of technical documents since it may be hard to discern even basic characteristics of

the documents—such as the number of expected categories—without expert knowledge of

many specialized fields.

After obtaining the vectors of technological knowledge embodied in each patent, I compute

its pairwise Cosine similarity to all other patents that are applied in subsequent years by

other lobbying firms within the same CPC group (i.e., excluding pairs of patents where

both are applied for by the same firm and only including pairs of patents from different

firms). This is done to capture knowledge flow across different firms that lobby together.

Thereafter, I compute the 90th percentile pairwise Cosine similarity for the CPC group each

year. This threshold represent a very high level of technological knowledge similarity between

two patents within a CPC group applied for one after the other by competitors. Finally, for

each patent, I count the number of patents applied for by other firms each year that are

higher in similarity than the 90th percentile threshold. This measure captures the count of

subsequent patents that are extremely similar in the knowledge to the focal patent and are

applied for by other competitors in the industry who the focal firm lobbies with. Therefore,

12I provide more information on the preprocessing steps as well as further details in Appendix D.
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it should capture the number of patents that represent substitute or competing patents to

the focal patent. I log transform the measure to account for distributional skewness and

diminishing effects of large counts.

Given that the measure is new and central to the claims of this paper, I now provide some

validity of the measure. Recall that my argument was that when technological knowledge about

the focal patent leaks, competitors can expropriate the knowledge by creating highly similar

competing patents which can lead to negative consequences for the focal patent. However, one

possibility is that because this measure is based on the similarity of technological knowledge

used in patents, it may be capturing the extent to which a subsequent patent simply builds on

a focal patent. In other words, the proposed measure could be a proxy for how much future

technologies use and build on the knowledge in the focal patent, which would imply that a

high value of Knowledge leakage actually corresponds to the focal patent becoming more

foundational and thus more valuable. If this were the case, I would expect the following two

empirical relationships. First, Knowledge leakage should be highly correlated with forward

citations, since the latter is the canonical measure for the extent to which an innovation is

adopted and built upon (Fleming 2001, Hall et al. 2005). Second, the measure of Knowledge

leakage should be positively associated with the value of a patent, in direct contrast to what

I have argued about the concept of knowledge leakage.

However, I find that in the sample’s panel of patents, Knowledge leakage is very weakly

correlated to forward citations (0.04, p-value < 0.001). Furthermore, in regression results

presented in Appendix E, I find that Knowledge leakage has a consistent negative association

with the market value of patents (Kogan et al. 2017), especially unique ones as implied in

Hypothesis 2, even after controlling for established predictors of market value such as the

number of forward citations the patent receives within five years of grant year. This provides

support for my claim that Knowledge leakage captures the degree to which knowledge is

expropriated by competitors to a point that it has material negative consequences for the

focal patent.
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Novelty of patents Destabilizing innovations are new technologies that disrupt existing

technology often by using new technological components. In contrast, consolidating innova-

tions tend to build on existing technology using familiar components (Funk & Owen-Smith

2017, Fleming 2001). The CD index proposed in Funk & Owen-Smith (2017) captures the

extent to which a patent is destabilizing by characterizing the backward and forward citations

of a focal patent. The intuition is that for destabilizing patents, future patents that cite

the focal patent are likely to find the patents referenced by the focal patent to be irrelevant.

This is because for subsequent patents that utilize destabilizing patents, the components

that went into producing the destabilizing patents are not relevant since the destabilizing

innovation introduced new technological components that did not exist previously. For

consolidating patents, future patents that cite the focal patent are likely to find the patents

referenced by the focal patent to be relevant. This is because for subsequent patents that

utilize consolidating patents, the technological components that went into producing the

consolidating patents are relevant since it is building on those same ones.

Overall, this suggests that the CD index is a suitable proxy for the extent to which patents

are likely to use new technological components. Therefore, it should also correspond closely

to the novelty of patents. Patents that are more destabilizing in nature should also be ones

higher in novelty, while patents that are more consolidating should be ones that are lower in

novelty. In this study, I measure the CD index as of five years after the year in which the

focal work was published (indicated by CD5), consistent with prior work (e.g., Park & Funk

2020, Funk & Owen-Smith 2017). I consider patents with CD5 > 0 to be patents higher in

novelty while I consider patents with CD5 < 0 to be patents lower in novelty. Appendix F

provides additional information on the CD index.

Uniqueness of patents I measure the uniqueness of patents based on the full-text

abstracts of patents. Patents that are unique are likely to use unique technological components.

Therefore, to focus on technological components I again limit my attention to the nouns

found in patent abstracts. I assess if the set of nouns found in a patent is unique compared to
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the sets of nouns found in other patents of the same CPC group and application year. This

comparison should inform me about the uniqueness of technological components that are

used by a patent with respect to other patents that are all being discussed within the same

time period by lobbying firms in an industry. I assess the uniqueness of the set of nouns in a

focal patent to the sets of nouns found in other patents using Cosine distances. For a patent

whose set of nouns is more distant than the CPC group-year mean Cosine distance, I consider

it to be a patent higher in uniqueness. For a patent whose set of nouns is less distant than

the CPC group-year mean Cosine distance, I consider it to be a patent lower in uniqueness.

Further details regarding the process of obtaining this measure can be found in Appendix G.

Controls

I include key controls in all my models. I control for Regulatory restrictiveness because

the restrictiveness of the regulatory environment can create uncertainty about technological

component availability (e.g., Park & Funk 2020), which is likely to influence the extent to

which a new technology is adopted. I also include the number of patents applied for each year

in the CPC group, Industry patent count, as the number of total patents in the industry will

correspond to the overall innovation activity of the industry which may influence the number

of forward citations a focal patent receives. Furthermore, I control for Industry average CD5

because technological trajectories of the industry can significantly influence the adoption of

innovations (Anderson & Tushman 1990). To account for the variation in firms’ ability to

generate widely adopted new technologies over time, I include Firm patent average forward

citation. I also include the level of Firm revenue since the size of firms are closely related

to innovation outcomes. Finally, I control for Firm lobbying to related agencies, which is

measured by the amount of inhouse lobbying activity directed at agencies that instituted

regulations categorized as “Business and industry” by the FR. This is because all firms have

limited resources, especially inside the firm, they can direct towards lobbying. Likewise, prior
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papers on lobbying have also controlled for lobbying activities of firms other than the main

lobbying activity of interest (e.g., Diestre et al. 2020, Barber IV & Diestre 2019).

Estimation strategy

The framework presented in this paper suggests that lobbying for regulatory changes can

influence innovation adoption through two different channels. Lobbying can influence in-

novation through the intended benefit of lobbying—by inducing changes in the regulation

that are encompassing of the new technological components. Lobbying can also influence

innovation through the unintended cost of lobbying—the knowledge leakage and expropriation

that can happen among firms. Both of these outcomes of lobbying can be tested by using a

mediation model, where Regulatory change and Knowledge leakage is tested as the mediator

between lobbying and innovation adoption (Figure A1). I conduct the best practice two-step

least squares (2SLS) mediation tests as suggested by Shaver (2005). In the first step, I

predict Regulatory change and Knowledge leakage based on lobbying, using an instrument for

Adoption. In the second step, I use the predicted values of Regulatory change and Knowledge

leakage from the first step to estimate innovation adoption. The OLS estimates are conducted

in a patent by year panel data with patent and year fixed effects, where I observe changes

in the degree to which a firm’s patent is adopted each year as a firm’s industry engages

in lobbying. Note that this is a much more conservative data structure than traditional

patent studies that rely on cross-sectional patent data (Kovács, Carnabuci & Wezel 2021).

This allows for the estimates to control for many time-invariant characteristics of a patent,

including time-invariant firm and industry characteristics. As an example, the final step of

the estimation model for Regulatory change takes the form, for each patent i in year t,

Adoptionit = β0 + β1 Lobbying to agencyit−1 + β2Regulatory changeit+

β3Controlsit + αi + µt + ϵit,
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where β1 captures the association between Lobbying to agency and Adoption, β2 captures

the association between Regulatory change and Adoption, and β3 captures the association

between Controls and Adoption. Additionally, αi represents patent fixed effects, µt represents

year fixed effects, and ϵit represents the error term.

Results

Table 1 shows the summary statistics for key variables. Given that the sample consists of

public firms engaged in lobbying and patenting activity, it contains larger public firms that

have the resources to be active in politics consistently and at the forefront of new technological

innovations (Drutman 2015). To be more specific, the 64 unique firms in the sample have a

revenue of about 24 billion USD and spend over 4 million USD on lobbying.

Main results

Instrumental variable

In order to obtain an unbiased estimate of the mediation effect, I employ an instrumental

variable, Firm lobbying to others, to test the mediation effect of Regulatory change and another

instrumental variable, Firm novel patent count, to test the mediation effect of Knowledge

leakage (Shaver 2005). In this approach, both instruments must not be directly associated

with Adoption. In addition, the first instrument should be associated with Regulatory change

while the second instrument should be associated with Knowledge leakage. I now explain how

each instrumental variable meets these conditions.

Firm lobbying to others In Hypothesis 1, I proposed that the Regulatory change

which results from Lobbying to agency is more likely to be positively associated with novel

patents. Recall that Lobbying to agency focuses on the industry lobbying targeting federal

agencies because federal agencies are responsible for changing regulations that are directly
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relevant for the day-to-day activities of firms (e.g., Ozcan & Gurses 2018, Igan et al. 2012,

Ridge et al. 2017), including firm innovation (Diestre et al. 2020, Barber IV & Diestre

2019). While agencies are responsible for the regulations, other branches of the government

such as the house, senate, and the executive office are mainly responsible for legislating

acts and statues which serve as overarching guidance as to how federal agencies should

regulate (Bernstein 1955). When firms lobby the other branches, it may affect the adoption

of innovations, but only through changes in industry regulations that are influenced by the

acts and statues. Firm lobbying to others is computed by counting how many times the focal

firm lobbies to other branches of the government in a given year. Therefore, I should expect

a positive association between Firm lobbying to others and Regulatory change as long as

firms are lobbying for their innovations to the house and senate as they do to the agencies.

However, there should be no direct association between Firm lobbying to others and Adoption.

This implies that Firm lobbying to others is a valid instrument to test Hypothesis 1.

Firm novel patent count In Hypothesis 2, I predicted that the Knowledge leakage

which results from Lobbying to agency is more likely to be negatively associated with unique

patents. This is because unique patents are more likely to use knowledge that competitors

do not already possess. However, not all of the knowledge competitors do not have may be

useful for the competitors. For example, knowledge about technological components that are

completely new to the industry may be hard for competitors to expropriate. Competitors

may not be able to obtain those technological components or understand the components well

enough to start using. Therefore, when a firm produces patents that are more novel, even if

the focal firm uses exclusive technological knowledge, it maybe difficult for competitors to

expropriate. As a result, I should expect to see a negative association between the number

of patents with CD5 > 0 applied for by a firm—Firm novel patent count—and Knowledge

leakage. I also do not expect Firm novel patents count to influence the number of new forward

citations a patent receives each year because the novelty of a patent is established based on

the conditions of the technological landscape when the patent is granted. In other words, the
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novelty of a patent (i.e., CD5) does not vary over time. It is possible that firms in the industry

acquaint themselves with certain novel technological components as time passes, leading to

them expropriating patents that were once novel. However, this should be controlled for by

Industry average CD5. Therefore, Firm novel patent count should not be directly associated

with Adoption, especially statistically since I include patent fixed effects which controls for

each patent’s CD5 value. This suggests that Firm novel patent count is a valid instrument to

test Hypothesis 2.

The intended benefit of lobbying

Table 2 presents the results regarding the intended benefit of lobbying. Recall that Hypothesis

1 predicted that the regulatory changes that result from lobbying is more likely to have a

positive effect on the adoption of innovations higher in novelty compared to those lower in

novelty. Therefore, Table 2 tests the mediating role of Regulatory change across subsamples

of patents higher in novelty and lower in novelty. Models 1 and 2 show the mediation

analysis for the subsample of patents higher in novelty (CD5 > 0). Model 1 shows that the

relationship between the main explanatory variable of Lobbying to agency and Regulatory

change is positive and significant, as lobbying to federal agencies about technology issues

should lead to regulatory changes that introduce new technological components in to the

regulatory framework as discussed previously. In addition, the instrument of Firm lobbying

to others is positive as expected since firm lobbying to other branches of the government can

influence industry regulations. In Model 2, I use the predicted values of Regulatory change

from Model 1—which should be exogenous to the dependent variable given the instrument

(Firm lobbying to others)—to predict Adoption. The coefficient for Regulatory change is

positive and significant (β = 2.5266, p-value < 0.05), suggesting that the regulatory changes

that result from lobbying has a positive effect on the adoption of innovations higher in novelty.

The magnitude of the coefficient implies that on average when the length of regulatory text

of an industry increases by 1%, yearly forward citations to novel patents are likely to increase
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2.53%. In Models 3 and 4, the same set of analyses are done as Models 1 and 2 but on the

sample of patents lower in novelty (CD5 < 0). In contrast to patents higher in novelty, I

note that in Model 4 the coefficient for Regulatory change negative and significant (β =

-4.5941, p-value < 0.001). The magnitude of the coefficient suggests that on average when

the length of regulatory text of an industry increases by 1%, yearly forward citations to less

novel patents are likely to decrease by 4.59%. This suggests that regulatory changes which

introduce new technological components increase the adoption of patents higher in novelty,

but decreases the adoption of patents lower in novelty. These patterns provide support for

Hypothesis 1.13

The unintended cost of lobbying

Table 3 presents the results regarding the unintended cost of lobbying. Recall that Hypothesis

2 predicted that lobbying for regulatory changes is more likely have a negative effect on the

adoption of unique innovations because competitors are more interested in expropriating

knowledge they do not already possess. In order to test this claim, Table 3 estimates the

mediating role of Knowledge leakage across subsamples of patents that are higher in uniqueness

and lower in uniqueness. Models 1 to 2 show the analysis for the subsample of patents higher

in uniqueness—or those whose Cosine distance form other patents in the CPC group is higher

than the mean. Model 1 shows that the relationship between the main explanatory variable of

Lobbying to agency and Knowledge leakage is positive and significant. This provides support

for the claim that lobbying can lead to the leakage of knowledge. In addition, the instrument

of Firm novel patent count is negatively associated with Knowledge leakage, which provides

support for the prior argument that competitors may find it difficult to expropriate knowledge

when the focal firm uses new technological components. In Model 2, I use the predicted values

of Knowledge leakage from Model 1—which should be exogenous to the dependent given

the instrument (Firm novel patent)—to predict Adoption. The coefficients for Knowledge

13The first stage Cragg-Donald Wald F statistics for both subsamples in Table 2 are greater than 15,
indicating that the instrument is strong.
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leakage is negative and significant (β = -0.2301, p-value < 0.01), suggesting that the leakage

of knowledge that results from lobbying has a negative effect on the adoption of innovations

higher in uniqueness. The magnitude of the coefficient suggests that on average, when leakage

increases by 1%, the number of yearly forward citations to the focal patent decreases by

0.23%. In Models 3 and 4, the same set of analyses are done as Models 1 and 2 but on the

subsample of patents lower in uniqueness—or those whose Cosine distance from other patents

in the CPC group is lower than the mean. Importantly, in Model 4 I note that the coefficient

for Knowledge leakage is not significantly different from zero. This suggests that while the

leakage of knowledge that results from lobbying is detrimental to the adoption of innovations

higher in uniqueness, it has no significant relationship with innovations lower in uniqueness.14

This is consistent with the arguments of Hypothesis 2.

Discussion

Although prior literature suggests that firms do engage in lobbying to benefit their innovations

(e.g., Barber IV & Diestre 2019, Diestre et al. 2020), many aspects of lobbying and innovation

remained unexplored. This paper is the first attempt to simultaneously understand the

intended and unintended outcomes of lobbying. Based on existing literature, interviews,

and a novel dataset, I develop a theory on how lobbying is associated with the adoption

of different types of new technologies. In doing so, I highlight the importance of both the

regulatory changes as well as the leakage of knowledge that occur during lobbying. I also

show the importance of novelty and uniqueness of innovations in this political process. More

specifically, I show that the outcome of lobbying is more likely to have a positive association

with novel innovations through regulatory change. However, lobbying is more likely to have a

negative relationship with unique innovations due to knowledge leakage. Overall, this research

14The first stage Cragg-Donald Wald F statistics for both subsamples in Table 3 are greater than 15,
indicating that the instrument is strong.
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seeks to expand the field’s understanding of the relationship between business and politics by

examining the politics of innovation (e.g., Park & Funk 2020).

When evaluating the results shown here, some limitations should be kept in mind. First,

I am unable to observe the heterogeneity in lobbying that might exist other than what

is recorded in the lobbying reports. For example, the effectiveness of lobbying may differ

depending on the experience of the lobbyist or the importance of the policymaker who was

targeted by the lobbyist. These details are not reported in a systematic source available to the

public. However, they may play a significant role in the efficacy of lobbying. In other words,

my measure of lobbying is likely to be coarse in some ways. Nonetheless, the data utilized in

this study is the most exhaustive source of lobbying publicly available today. Second, I rely

heavily on patent data. Although patent data have been used widely for innovation studies

in the past (e.g., Fleming 2001, Funk & Hirschman 2017), they are not a perfect measure of

innovation. Many innovations may not be patented (Levin et al. 1987). I am unable to take

those innovations into account. Finally, the dataset relied on multiple crosswalks. I manually

crosswalked the federal agency data to combine the lobbying and regulatory change data.

I used the crosswalk between federal agencies and NAICS six-digit industries provided by

RegData (McLaughlin et al. 2017). I also utilized the crosswalk between NAICS six-digit

industries with CPC patent classification (Lybbert & Zolas 2014). I am not able to verify

that the non-patent data have been appropriately transformed to match with the CPC patent

classification through this series of crosswalks. However, the coherence in the results suggests

that the crosswalks are largely reliable.

Notwithstanding these limitations, this study makes contributions to both the innovation

and nonmarket literature in interconnected ways. Although innovation is a widely studied

topic across many fields, to my knowledge no existing study has directly explored the

relationship between corporate political activity and innovation. This marks a significant

contribution as I show that institutional changes that are purposefully instigated by firms

can have consequences for new technologies—in direct contrast to other existing innovation
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studies that have mostly focused on exogenous institutional changes (e.g., Arora, Belenzon &

Sheer 2021, Marx, Strumsky & Fleming 2009, Balsmeier, Fleming & Manso 2017). Given

the increasing importance that firms are placing on lobbying (Drutman 2015), there was

a substantive need for innovation scholars to understand what kind of relationship exists

between lobbying and innovation. This paper represents one of the first steps in that direction.

Furthermore, it adds to the existing literature that has explored factors external to the firm

which can impact innovation such as technological trajectories (Anderson & Tushman 1990),

analysts (Benner 2010), institutional environments (Vasudeva, Zaheer & Hernandez 2013),

and networks (Kumar & Zaheer 2019, Funk 2014).

In related ways, the paper also contributes to the nonmarket literature. Most importantly,

it raises the significance of nonmarket literature overall by showing that nonmarket activities

of firms can directly impact fundamental processes of innovation such as institutional change,

knowledge leakage, and technology adoption. Furthermore, it sheds light on unexplored

aspects of lobbying. Although industry and firm lobbying have been a focus of lobbying

studies (e.g., Barber IV & Diestre 2019, Diestre et al. 2020, Ridge et al. 2017), prior literature

has overlooked how specific lobbying outcomes, such as regulatory change and knowledge

leakage (e.g., Carpenter et al. 2004, Laumann & Knoke 1987, Fernandez & Gould 1994), can

be consequential for firms. In addition, existing literature had not considered what type of

regulatory change firms may seek through lobbying for specific purposes.

Of the many different ways in which future scholars can build on the framework devel-

oped in this paper, two stand out as especially promising. First, further efforts to more

closely understand the ways in which lobbying can lead to leakage of knowledge would be

helpful. Based on empirical results, this paper shows that the leakage occurs with respect

to technological knowledge. However, interviews with lobbyists, policy experts, and agency

employees suggest that this intriguing phenomenon is a common occurrence, which likely

has consequences beyond innovation. Future research should perhaps examine the network

among lobbyists and policymakers to try to quantify the degree of leakage under different

33



contexts and conditions. Second, exploring other unintended consequences of lobbying may

be interesting. For example, interviews revealed that small start up firms gain significant

information from joining trade associations and participating in industry lobbying. Therefore,

probing the potential for “learning-by-lobbying” mechanism may further advance the field’s

understanding about the externalities of lobbying.
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Appendix

Section Description Category

Appendix A Additional quotes from interviews Supplemental information

Appendix B Visualization of theoretical framework Visualization

Appendix C Visualization of data sources Visualization

Appendix D Patent knowledge leakage procedure Supplemental information

Appendix E Validation of the measure for knowledge leakage Supplemental analysis

Appendix F CD index Supplemental information

Appendix G Patent uniqueness procedure Supplemental information



Appendix A Additional quotes from interviews

Table A1: Additional illustrative quotes from the interview

Quote Implication

1

“There was a time when we wanted to take the lead on chang-
ing a specific piece of regulation in our industry. We knew
that some of our direct competitors would likely want to see
a slightly different change. Therefore, we started the lobby-
ing process with a legislator without bringing on board our
competitors. However, we discovered that since the lobbying
industry is so interconnected, the legislator we were working
with unwittingly brought up to our competitor lobbyists that
we had been contacting him about the specific changes we were
seeking. The cat was out of the bag at this point and we were
not able to pursue the specific changes in the way we would
have wanted at that point. We were forced to choose a different
path towards legislation and changes.”

It can be difficult for individual firms to change regulations
in ways that benefit only itself, especially when competitors
have a stake in those regulations.

2

“When we develop new technology, (e.g., AI, facial recognition,
encryption), we often need to change existing regulations to
make sure that we as well as others can use the technology
in the way we intended for it to be used. Lobbying is a way
in which we can inform policymakers on how the regulations
should change.”

Informational lobbying is often used to help policymakers
change regulation in ways that facilitate the adoption of firms’
new technologies.

3

“There was a defense equipment manufacturer that developed
a new product— a transportation vehicle that could function
both as a commercial and military vehicle. The regulations
regarding this type of vehicle at the time was geared towards ei-
ther a commercial or military version of this particular vehicle.
The new product they had developed certainly was useful but
the regulations at the time just did not support it. Therefore,
they engaged heavily in lobbying to see some changes in the
regulation for this type of vehicle.”

Lobbying is often used to change regulation in ways that are
helpful for firms’ new products, especially those do not fit
neatly into the existing regulatory framework due to their
novelty.

4

“Anything we relay to policymakers, we assume it will be leaked.
So we are tight-lipped about extremely sensitive information.
However, based on the specific policies and issues that a com-
petitor in the industry cares about during industry meetings
or conversations with policymakers, you can learn about the
technology that the competitor is interested in, especially if
you are knowledgeable about the industry.”

Even though leakage of information—especially through
politicians—is a widely recognized phenomena among those
that are involved in lobbying, there are other less direct ways
in which leakage can still occur.

5

“There was a time when our agency was having a meeting with
representatives of manufacturers to update our regulations
so that it would include the latest technology in highspeed
rail. Each firm was giving a presentation explaining what
regulatory changes would be helpful given its latest proprietary
technologies. We noticed when one firm handed over their
USB to upload the slides to our office computer, malwares
were detected on the USB. So we asked the representative to
load the shares on our own USB we had. However, to this
day, I strongly believe that the particular firm had purposefully
loaded malwares onto their USB, which they hoped to load
onto our computer, to collect the information on proprietary
technologies of the competitors that were presented that day.”

Even policy specialists working at federal agencies are well
aware of how firms try to gain as much knowledge about com-
petitors as they can during the lobbying process—sometimes
even by taking questionable and extreme measures.



A
pp

en
di

x
B

V
is

ua
liz

at
io

n
of

th
eo

re
ti

ca
l
fr

am
ew

or
k

F
ig

u
re

A
1:

L
ob

by
in

g
fo

r
in

n
ov

at
io

n
s:

T
hi

s
fig

ur
e

pr
es

en
ts

a
vi

su
al

iz
at

io
n

of
th

e
th

eo
re

ti
ca

lf
ra

m
ew

or
k.

W
he

n
a

fir
m

en
ga

ge
s

in
lo

bb
yi

ng
,t

he
in

te
nd

ed
ou

tc
om

e
is

re
gu

la
to

ry
ch

an
ge

,w
hi

ch
is

m
or

e
lik

el
y

to
ha

ve
a

po
si

ti
ve

eff
ec

t
on

in
no

va
ti

on
s

hi
gh

er
in

no
ve

lty
(H

yp
ot

he
si

s
1,

gr
ee

n)
.

C
on

ve
rs

el
y,

th
e

un
in

te
nd

ed
ou

tc
om

e
of

lo
bb

yi
ng

is
kn

ow
le

dg
e

le
ak

ag
e,

w
hi

ch
is

m
or

e
lik

el
y

to
ha

ve
a

ne
ga

ti
ve

eff
ec

t
on

in
no

va
ti

on
s

hi
gh

er
in

un
iq

ue
ne

ss
(H

yp
ot

he
si

s
2,

re
d)

.



Appendix C Visualization of data sources

Figure A2: Collection of empirical data This figure presents a visualization of the empirical data used
to test the theory developed in this paper. The quantitative data (green box) consists of novel lobbying,
regulation, and innovation datasets that have been combined in a unique fashion to test the hypotheses. This
results in an analytic sample (purple box) that consists of a panel of 15,969 patents from 64 firms from 1999
to 2013. In addition, I also conducted field interviews (red box) to better understand the empirical context
and establish face validity of the theoretical claims made in the paper.



Appendix D Patent knowledge leakage procedure

Doc2Vec is a recently developed Natural Language Processing techniques that incorporates a
“deep learning” procedure to create vector space models. Latent Dirichlet Allocation (LDA)
(Blei, Ng & Jordan 2003) is another vector space model that has been used in recent innovation
work (e.g., Kaplan & Vakili 2015, Choudhury, Wang, Carlson & Khanna 2019), mainly to
categorize the content of documents based on the overall topic represented by each document.
LDA infers the content of documents by considering the probability of words occurring
together across documents. However, LDA makes two restrictive assumptions. Fist, LDA
assumes that the total number of topics appearing across all documents is known. Second,
the order in which words appear are not considered. Doc2Vec is a technique developed to
take into consideration the semantics of words by capturing where in the document a specific
word is embedded with respect to other words (Niu & Dai 2015). This approach is based on
an established view in linguistics which suggests that similar words appear in similar contexts
(Miller & Charles 1991). Doc2Vec, therefore, makes no assumptions about the number of
categories that may exist across all documents but takes into explicit consideration where
in the documents specific words tend to appear to capture the meaning of specific words.
Overall, while LDA may be suitable for categorizing documents when the number of topics
are known and the actual meaning of words are not important, Doc2Vec has significant
performance advantages in capturing the similarity of content across documents based on the
meaning of words as they are used (Rehurek & Sojka 2010, Niu & Dai 2015, Baroni, Dinu &
Kruszewski 2014).

I obtained the full text abstracts of all patents that are in my sample from PatentsView.
Using the Python package spaCy I preprocessed and tokenized the text. I first removed all
punctuation, digits, and spaces. I also removed words shorter than two characters and longer
than 100 characters. My aim is to focus on the knowledge embodied in the set of technological
components that are used in the patent. Based on the assumption that components—or
physical objects or conceptions—are likely to be represented by nouns than other parts of
speech, I focused on words that were tagged as nouns by spaCy in the abstracts.

After tokenzing the abstract text as described above, two tasks remained. I first needed
to quantitatively measure knowledge embodied in each patent using the collection of nouns
found in the patent abstract. Then based on this quantitative measure of the knowledge used
in each patent, I needed to compute the similarity between all the sample abstracts.

For the first step, the standard deep learning procedure of vectorizing each noun requires
three neural network that consists of an input, hidden, and an output layer. In this case,
the input layer is the set of nouns extracted from the patent abstracts. The hidden layer
defines each word from the input layer based on other words that appear close to the focal
word. It trains itself to provide the most accurate assignment using the input layer. Then the
output layer represents the assignment of nouns as well as each patent abstract (based on the
collection of nouns used in the abstract) in a 100-dimension vector space, or “embeddings.”
For this first step, I used all patent abstracts that were available on PatentsView, including
those outside my sample year, because having a larger input layer is more likely to lead to an
accurate embedding of each patent abstract.

Thereafter, with the embedding of each patent abstract in hand, I calculated the pairwise
Cosine distance between a focal patent and other patents applied by other firms within the



same CPC group. For this calculation, I focused only on other patents that were applied
for after the application year of the focal patent in order to make sure that the competitor
had time to expropriate the knowledge in the focal patent. Furthermore, I only considered
patents that were applied for by other non-lobbying firms because lobbying is the activity
through which I argue that knowledge leakage can occur.
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Appendix F CD index

CDt for a focal patent (“f ”), which references a collection of prior patents (“b”), varies over
time as subsequent patents (“i”) that references only the focal patent, only the prior patents
cited by the focal patent, or both are granted. f and b are fixed once the focal patent is
granted, however CD5 varies over time as future patents i’s are granted. The exact equation
of CDt is as follows:

CD5 =
1

n

n∑
n=i

2fitbit + fit,

where n is the total number of works that cite either the focal patent, its predecessors,
or both. The index ranges from -1 to 1 with values between 0 to 1 indicating destabilizing
patents and -1 to 0 indicating consolidating patents. The CD index has been used in a
wide variety of prior studies across sociology, science of science, computer science, and even
musicology. (Leahey 2016, Azoulay, Fons-Rosen & Graff Zivin 2019, Figueiredo & Andrade
2019, Wu, Wang & Evans 2019, Andrade, Figueiredo, Silva & Morais 2020, Park, Leahey &
Funk 2021).



Appendix G Patent uniqueness procedure

I followed the same pre-processing procedure described for the Doc2Vec procedure above to
obtain the set of noun tokens for each patent. Thereafter, I vectorized the noun tokens for each
patent within its CPC group and application year by calculating the term frequency-inverse
document frequency (“TFIDF”) for each token. This implies that each patent is considered
a document and all the patents applied for in the same CPC group and year represents
the corpus of documents. TFIDF is a commonly used vertorizing technique to measure the
importance of each token in a body of text (e.g., Kelly, Papanikolaou, Seru & Taddy 2018,
Gentzkow, Kelly & Taddy 2019). I use the formula that adjusts for the differences in the
length of documents because patent abstracts can vary significantly in length. The reason
why I vectorized within each CPC group and application year is because I am interested
in calculating the commonality of each technological component with respect to all the
patents (i.e., new technologies) that are likely to be lobbied for together by the same industry
within the same time period. Patents in different CPC groups maybe lobbied for by different
industries. Similarly, a technological component that is unique among patents of one year
maybe common in another year. The formula for the term frequency, tf(t, d), and inverse
document frequency, idf(t,D) is as follows:

tf(t, p) =
ft,p

max{ft,p : t ∈ p}

idf(t, C) = log
N

|{p ∈ C : t ∈ C}|
where the TFIDF for a token is the the product of tf(t, p) and idf(t,D). ft,p refers to

the frequency of token t in patent p and N is the total number of patents in the corpus C
(where the corpus is the patents in the focal CPC group and application year). Based on
the vectors of tokens for each patent, I calculate the mean centroid vector for each corpus.
Then I calculate the Cosine distance between the focal patent and the centroid vector for
each patent. Within each corpus, patents whose distance from the centroid are below the
mean are considered to be patents that are low in uniqueness; patents whose distance from
the centroid is above the mean are considered to be patents high in uniqueness.
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