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Abstract
Analyzing millions of patents granted by the USPTO between 1976 and 2020, we find
citation patterns that suggest specific patents rise to prominence only after consider-
able time has passed. Among these late-blooming influential patents, we show that
there are key agents (patent hunters) who consistently identify and develop them.
Although initially overlooked, these late-blooming patents have significantly more in-
fluence on average than early-recognized patents and are associated with significantly
more new product launches. Patent hunters, as early detectors and adopters of these
late-blooming patents, also amass significant positive value. Their adoption of these
overlooked patents is associated with a 6.7% rise in sales growth (t = 3.00), a 1.9% in-
crease in Tobin’s Q (t = 2.77), and a 2.2% increase in new product offerings (t = 2.97).
To establish causality, we implement an instrumental variable approach exploiting in-
ventor mobility following neighboring firm bankruptcies. This quasi-random variation
in local patent-hunting capacity confirms that these benefits are causally due to patent
hunting rather than other firm characteristics. Consistent with incentive-compatibility
and realized cost dynamics, patents hunted: are closer to the core technology of the
hunters, are more peripheral to the writers, and are in less competitive spaces. Further,
patent hunting appears to be have a persistent, individual inventor-level component.
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1 Introduction

Not all ideas that eventually become successful are recognized immediately. Eventual positive

realizations take many divergent paths in reaching that point. In this paper, we analyze

millions of patents to identify ideas that are not immediately recognized but catch on only

later. We show that while these ideas are equally as valuable as ideas that catch on early, the

rents along the value chain are shared quite differently. Namely, we provide the first large-

sample evidence that there are critical agents in the innovation chain who search (“hunt”)

these neglected and overlooked ideas and use them as critical inputs in their innovation

and commercialization process. We show that these agents are unique and nonsubstitutable

players in the innovation chain. Moreover, the rents to “patent hunting” are substantial—

often the most sizable portion of the entire innovation chain. This patent hunting role, along

with the technology, physical capital, and human capital needed to implement it, represents

a key component of many innovation chains and a key consideration for agents entering

across various innovation stages.

To explore these rich components of the innovation value chain, we examine the past

nearly 50 years of patenting in the United States and identify those patents that eventually

do gain prominence, becoming influential patents. Although many of those are identified

early on as influential patents that other innovators build upon, a sizable portion only do

so later in their lives, being described as “late-bloomer” patents. Namely, these patents

eventually become influential, however are not recognized initially and such, and not so

until much later in their life. As all patents are, upon approval, publicly available for other

innovators to read, build upon, and cite, one could imagine that conditioning on patents

that end up as influential, those that are passed over initially are of lower ending value on

average. However, we find that this is empirically not the case. These late-bloomer patents,

when compared with patents that are recognized earlier, appear just as valuable on average

and, by some quality markers, have even more impact.

To better understand our approach, consider the example of GPU (Graphical Process-
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ing Unit) computing technology. In 1991, US Patent #5,025,407 was granted to Texas

Instruments, Inc. Texas Instruments is a publicly traded technology firm based in Dallas,

TX specializing in semiconductors and other circuitry technology. This patent was in the

technology classes of both G06F (Electric digital data processing) and G06T (Image data

processing), as shown in Panel (a) of Internet Appendix Figure A1. Texas Instruments’s

core technology class was H01L (Semiconductor devices).

In its early years, the patent garnered comparatively little attention. In fact, it was in

2006, the fifteenth year following its grant, that it saw a large and record spike in citations

and innovation build-out as shown in Internet Appendix Figure A1 Panel (b). This surge

was largely driven by a single firm: Nvidia, Corp. Nvidia (also a publicly traded technology

company) was founded in the early 1990s and is based in Santa Clara, CA. It was founded

specifically focusing on the promise of graphics technology, with its technology proximity

much closer to the Texas Instruments patent than the inventing firm itself. Nvidia used this

patent to continue to develop and build out its product portfolio, which both contributed

to—and was positively buoyed by—the positive demand trends of gaming (especially mo-

bile), and GPU-reliant Artificial Intelligence, machine learning, and crypto-asset demands.

Subsequent to this period led by Nvidia, prominent innovators like Apple, Inc. entered the

fray, focusing particularly on the computationally intensive requirements that emerged in the

years leading up to and throughout the early 2020s. Interestingly, the patent’s inventor—

Texas Instruments—did not end up taking further part in building out GPU computing

technologies in earnest, nor did it continue to take and build on this critical patent. Instead,

other key players, such as Nvidia, years later took the patent, built upon it, and developed

and commercialized an industry of products in the space.

We show that instances like this are far from rare, occurring regularly and extensively

across the spectrum of patenting and innovation. In the Internet Appendix Figure A2, we cat-

alog a selection of other notable technologies—including battery packs, carbon refrigerators,

liquid dish-washing detergents, and control logic interfaces for embedding microprocessors in
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gate arrays—that display analogous trends to Texas Instruments and Nvidia. In particular,

patent hunters, which we model and define as directed-search innovators who search out and

integrate overlooked innovation (e.g., Nvidia) routinely, are critical players in the develop-

ment and commercialization of late-blooming, high-impact patents across their innovation

chain. Moreover, we find that patent-hunting is associated with sizable rents across various

dimensions of value. For example, patent hunters’ sales growth increases significantly after

their discovery and incorporation of the hunted patent by 6.4% (t = 3.02) on average. To-

bin’s Q also increases by about 2.2% (t = 3.91), coupled with a significant expansion of 2.2%

(t = 2.97) in the real amount of new products developed by the patent hunter.

We explore the characteristics of firms at various stages of the value chain of innovation.

The writers of the initially overlooked, late-bloomer patents tend to be older, larger, value

firms such as General Electric, Eastman Kodak, and Xerox. In contrast, patent hunters

tend to be smaller, consumer-focused, growth firms such as Sandisk, Broadcom, and Tivo

Corp. Moreover, patent hunting appears to be a persistent firm characteristic. The same

firms continue hunting over time, and the rents to their hunting appear to have a learning

component, with additional hunted patents yielding increasing benefits to the hunter over

time.

Next, we examine the nature of patents that become the target of hunting. One might

expect that even if a patent is overlooked by other agents, the patenting firm itself should be

aware of the patent and be able to build upon it. Therefore, one might expect there to be a

reason why the original patent writer does not further develop the patent and its technology

area, allowing the patent to be hunted and developed by an outside firm. We identify several

systematic markers of these patents consistent with this notion. First, and in line with the

Texas Instruments-Nvidia example, we find that patents that are hunted by outside firms

are on average significantly more distant from the patent writers’ core technology areas than

the writers’ average patent, and conversely significantly closer to the core technology area of

the respective patent hunters. Second, we find that these hunted patents are in technology
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spaces that are less competitive at the time of patenting. This may exert less time pressure

on writers to develop the patent immediately, reinforcing their focus on closer and more

competitive spaces first.

Late-blooming hunted patents also take a divergent path from other influential patents.

We precisely define influential patents, using a non-parametric measure of the impact, as

those that receive citations in the 95th percentile or higher adjusted for vintage and technol-

ogy class. We take this approach as past literature has shown this right-tail parameterization

to more accurately capture the commercializability of a patent and correlates more strongly

with the value of the patent, reflecting the highly skewed distribution of patent citations

(Trajtenberg, 1990; Sampat and Ziedonis, 2004).

We then collect micro-level data on the individual inventor level to explore inventor-level

components in the patent-hunting process. We find two dynamics reinforcing an important

inventor-level determinant of the process. First, we identify firms that end up hiring the

inventor of the original patent that they “hunted.” In the Texas Instruments-Nvidia example

above, this would be Nvidia hiring one of David Gulley and Jerry Van Aken from Texas

Instruments (the two listed patent inventors on the patent) following their publishing of

the patent. We find that in these cases, the benefits accruing to the patent hunting firm

(sales growth and Tobin’s Q) more than double. It surely could be that hiring the original

inventors is part of a broader scope of investments in the new technology space (and so

the real effects that we measure are not solely due to bringing in the original inventors

of the focal patent itself). Nonetheless, these inventor acquisitions along with the hunted

patent are strongly related to greater economic and statistically reliable value derived from

patent hunting. Second, we find that inventors themselves who engage in patent hunting

(so the inventors at Nvidia who cited the Texas Instruments patent) are significantly more

likely to continue patent hunting across different workplaces (e.g., when moving to Tesla).

Specifically, those inventors are 7% (t = 11.23) more likely to continue to be hunting inventors

at subsequent firms. Much like the previous finding, it is difficult to disentangle whether
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this effect is attributable to the inventor herself or simply reflects the inventor’s selection of

firms that also engage in patent hunting. Yet, irrespective of the specific mechanism, this

finding suggests that there is an inventor-level component of the hunting process.

Stepping back, given the large, positive rents that are associated with patent hunting –

larger, in fact, than those that accrue even to the original patent writer itself, on average—

one might wonder why anyone would choose to be a patent writer of the original patent.

First, as discussed earlier, there are a number of moderating effects of patent hunting. The

rents to patent hunting attenuate when the patent in search is complex, hence, difficult

to assess the technological fit, or when there exists intense competition from other patent

hunters in the same technology class. Both scenarios are consistent with increased search

costs (lower equilibrium rents) impacting the benefits from patent hunting and moreover

suggest that the patent hunting mechanism might follow a search cost dynamic. Motivated

by this, we develop a simple search model in Section 3 to frame the understanding around

this. Second, there are firm-specific characteristics that cause cross-sectional and time-

series heterogeneity in the relative costs and benefits of patent hunting. While labor may

appear somewhat mobile (so that patent writing firms like Texas Instruments could simply

attract researchers from Nvidia with sufficiently high wages, benefits, etc.), there are many

non-transferrable characteristics such as location, agglomeration, intangible capital (e.g.,

brand), complementarities and other firm-specific components that make patent hunting

uniquely and privately valuable for certain firms while unprofitable for others. In that sense,

no firm is necessarily solving sub-optimally along the innovation chain deciding to be a writer

or hunter.

A valid concern with our findings is that these results may be driven by unobserved

firm characteristics affecting both sales growth and patent hunting behavior, or that an-

ticipated future growth enables firms to allocate resources toward hunting neglected ideas.

To overcome this identification challenge, we implement an instrumental variable approach

exploiting shocks to the local supply of patent-hunting inventors. When neighboring firms
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declare bankruptcy, their inventors often relocate to nearby firms within a 100-mile radius,

creating plausibly exogenous variation in patent hunting capacity. Our approach focuses

exclusively on differences in patent hunting intensity among bankrupting neighbors rather

than the bankruptcies themselves. This strategy allows us to compare firms that all expe-

rienced nearby bankruptcies but were differentially exposed to patent-hunting talent. By

isolating this specific channel of influence, we identify the causal effect of patent hunting on

firm innovation, sales growth, and market valuation, confirming that the substantial bene-

fits we observe truly drive firm performance rather than merely coinciding with other firm

characteristics or broader economic trends.

Our paper provides the first large-scale empirical evidence on the economic rents and

value chain implications of patent hunting. The substantial and persistent payoffs we uncover

suggest promising avenues for further research. The paper is structured as follows: Section 2

reviews relevant literature. Section 3 develops a search-cost model of the innovator’s write-or-

hunt decision process. Section 4 details the data and sample selection methodology. Section

5 analyzes the dynamics of early- and late-bloomer patents. Section 6 presents our main

findings on patent hunters and their accrued benefits. Section 7 examines the incentives

and characteristics of firms and inventors engaged in patent hunting. Section 8 examines

the causal impact of patent hunting using inventor movements, and patent characteristics to

determine if patent hunting is a valuable skill or a sideshow. Section 9 concludes.

2 Literature Review

Our paper adds to the literature studying the path of knowledge production, technological

innovation, and their impacts on economic growth. Along these lines, Weitzman (1998)

presents a model to analyze the determinants of long-term growth by considering a produc-

tion function of new knowledge that uses new configurations of old knowledge as an input

(recombinant growth). The paper emphasizes the role of building upon existing ideas to

create new knowledge. In the academic research setting, analyzing citation patterns of over
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18 million scientific papers, Uzzi, Mukherjee, Stringer, and Jones (2013) show that the most

influential research tends to be rooted in conventional combinations of existing knowledge

but also includes elements of unusual combinations. Similarly, Escolar, Hiraoka, Igami, and

Ozcan (2023) focus on technological trajectories and the reuse of knowledge in subsequent

inventions, emphasizing the significance of combining dissimilar technological components

with strong scientific content to shape trajectories with high technological impact. In a

similar dynamic setting, past work such as Gal-Or (1987) and Chamley and Gale (1994)

have modeled Stackelberg equilibria, where distinct advantages exist for certain agents who

benefit from a second-mover advantage and entry strategy in the traditional leader-follower

set-ups. Glode and Ordonez (2023) model surplus-creating and surplus-appropriating ac-

tivities of firms, relating these decisions to industry-wide technological shocks that change

firms’ incentives to invest in one activity over the other.

Pezzoni, Veugelers, and Visentin (2022) investigate the reuse of technologies in subse-

quent inventions and explore the various factors influencing this process. Using European

patent data spanning from 1985 to 2015, they identify new combinations of existing techno-

logical components, marking the inception of technological trajectories. Instead of relying

on citations to trace these trajectories, the authors identify a new technology as the first

occurrence of a particular combination of IPC classes in a patent, akin to the approach taken

in Strumsky and Lobo (2015) and Verhoeven, Bakker, and Veugelers (2016). Pezzoni et al.

(2022) also observe that technological trajectories tend to follow an S-shaped curve, with

variations in their adoption time and maximum technological impact. We add richness to

this literature by not only exploring firms, even down to individual inventors, who special-

ize in critical components of this process, but also by examining the expansive set of value

implications of identifying and building on a patent within its technological trajectory.

Our paper also contributes to research exploring the ramifications of technological spillovers

on both economic growth and technological advancement. For example, Bloom, Schanker-

man, and Van Reenen (2013) investigate the pivotal role played by technology spillovers
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in stimulating economic growth, underscoring the significance of incentivizing research and

development (R&D) and considering the scale of firms involved. Furthermore, Kelly, Pa-

panikolaou, Seru, and Taddy (2021) employ textual analysis of patent documents to gauge

technological innovation. They identify patents that stand apart from previous work but

have high relevance to subsequent innovations. They classify these distinctive patents as

breakthrough innovations, investigate the domains in which these breakthroughs occur, and

establish connections between these breakthrough innovations and overall total factor pro-

ductivity. Collectively, these studies offer valuable insights into the intricate interplay be-

tween knowledge creation, technological progress, and economic growth. Our contribution to

this body of research lies in the identification of specific technology groups where spillovers

may require time to materialize, along with mechanistic, micro-evidence on how technological

growth and factor productivity materialize through these novel important agents of patent

hunters.

In addition, our paper also contributes to the ongoing discourse surrounding the merits

and demerits of a patent system where inventors publicly unveil their innovations in ex-

change for patent protection, and the potential ramifications of such a system on future

innovations. One perspective posits that the imperative for patent disclosure might dissuade

individual inventors, potentially eroding the incentives inherent in the patent system. Con-

versely, patent disclosure and protection could serve as a mechanism to stimulate new ideas

and foster innovation (as discussed by Williams (2017)). On the empirical side, Furman, Na-

gler, and Watzinger (2021) examine the role of information disclosure via patents, showing

that increased accessibility to technical knowledge significantly bolsters local patenting and

business establishment. Their findings underscore the role of patent disclosure in advancing

cumulative innovation. In contrast, Kim and Valentine (2021) report that firms compelled to

disclose their innovations more promptly by the American Inventor’s Protection Act (AIPA)

of 1999 reduce their R&D investments and generate fewer innovations (see also Graham and

Hegde (2015) and Hegde, Herkenhoff, and Zhu (2015)). Our paper adds to this literature by
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showing a new merit of a patent disclosure system—whereby agents such as patent hunters

can detect, and build upon, initially overlooked ideas to create new knowledge.

In the case of scientific academic publications, Garfield (1970) proposes that the use of

scientific citation indices not only prevents inadvertent neglect of useful work but also reduces

duplicative effort in research and publication. Subsequently, Garfield (1980, 1989a,b, 1990)

provide concrete examples of articles that experienced delayed recognition within the schol-

arly community. Expanding on this notion, Glänzel, Schlemmer, and Thijs (2003), through

an extensive literature survey, offer an estimate of the prevalence of delayed recognition and

explore common characteristics shared by papers that receive belated recognition. Van Raan

(2004) proposes a framework for measuring delayed recognition, often referred to as sleep-

ing beauties, along three dimensions: (i) the length of sleep, signifying the duration of the

“sleeping period”; (ii) the depth of sleep, denoting the average number of citations during

the sleeping period; and (iii) awake intensity, indicating the number of citations accumulated

after the sleeping period.

In a similar vein, Ke, Ferrara, Radicchi, and Flammini (2015) reexamine the concept of

delayed recognition of academic publications, introducing parameter-free methods to identify

papers that might escape detection by the methods proposed by Van Raan (2004). Van Raan

and Winnink (2019) document instances in medical research where publications went unno-

ticed for several years after their initial release, only to suddenly garner citation attention

subsequently. Moreover, Van Raan (2017) and Hou and Yang (2019) extend the analysis of

delayed recognition from scientific papers to patents, exploring various evolutionary trajec-

tories of patents in this context. Our paper extends the concept of delayed recognition in

the realm of patents, specifically mapping the benefits and costs experienced by innovators

whose patents gain recognition after a significant delay. Further, it again moves a step be-

yond this to examine critical agents in the recognition process, and the value that accrues to

these agents, who mechanistically bring about the recognition of these initially overlooked

ideas.
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3 Theoretical Framework

In this section, we provide a model of firm innovation: namely, a search-cost model of whether

to write or hunt for a patent. Time is discrete, and the horizon is infinite. At each time

t > 0, a firm can either write a new patent itself or hunt for a patent that has been produced

precedingly by others. If the firm writes the patent itself, the patent will help produce a

good at zero marginal cost in each period t. Consumers value this good as v > 0, and the

price is p = αv, where α ∈ (0, 1) denotes the surplus that the firm can capture in the market

by commercializing the patent.

Alternatively, the company can engage in directed search, incurring a cost c, to identify

patents within the same area with potentially greater commercialization value than those

developed internally (i.e., V − L − A ≥ v). The directed search is comprised of both (i)

assessing the expected value of complementarities of internal vs. external technology and

innovation given its existing assets and innovation capital in place, and (ii) conducting the

search across the innovation space, both new and old, potentially reconfigurable, ideas. V

represents the value of the goods produced using the identified patent with directed search.

L is the cost of acquiring a technology license from the original innovator. A is the expenses

associated with adapting the product for successful commercialization. It is important to

note that an innovator is more likely to demand a higher licensing fee when the original

technology closely aligns with its core technologies. The likelihood of discovering this second

category of patent is λ ∈ (0, 1). Upon identifying such a patent, the company transitions

from producing the previous generation of goods to creating novel products. In each time

period, there exists a probability δ ∈ (0, 1) that the scenario concludes, bringing the game

to an end.

In light of these fundamental parameters, we provide a comparative analysis of a firm’s

strategic choices, delineated by two distinct avenues:

a) Firm valuation in the absence of patent exploration:
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The cumulative summation of (1− δ)t(1− λ)tαv over time gives us αv(1−δ−λ+λδ)
δ+λ−λδ

.

b) Firm valuation upon discovery of a hunted patent at time t:

∞∑
t=1

(1− δ)t((1− λ)tα(v − c) + (1− λ)t−1λH)),

where H = α(V −L−A)(1−δ)δ is the perpetuity value of the newly hunted technology.

The net benefit of following a directed search strategy to find a hunt is then given by the

difference between these values:

α(V − L− A)(1− δ)λ− cδ(1− λ).

This expression is increasing in

(i) λ – As the probability of finding a suitable patent increases, the avidity of the pursuit

escalates;

(ii) α – The magnitude of commercialization potential amplifies the incentive for hunting.

In contrast, the expression decreases with

(i) c – A higher cost attached to patent hunting, reduces its net benefit;

(ii) L and A – The appeal of hunting decreases when licensing fees L and adaptation costs

A become prohibitive.

4 Data and Definitions

4.1 Data and Sample Selection

Our data come from a number of sources. U.S. Patent Data are obtained from Thomson

Innovation, which covers all patents granted in the United States between 1835 and 2020 and
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contains information on backward and forward citations. We merge this patent data with

PatentsView data, which provides information on assignees, claims, inventors, and examiners

of the patents granted since 1976. Our main analyses focus on U.S. public firms, for which

we collect financial data and firm characteristic data from the S&P Compustat Database. To

identify patents belonging to U.S. public firms, we match patent numbers to the University

of Chicago’s Center for Research in Securities Prices (CRSP) identifier PERMNO, using

Kogan, Papanikolaou, Seru, and Stoffman (2017) data. The data on new products of U.S.

public firms are obtained from Mukherjee, Thornquist, and Z̆aldokas (2022). Lastly, we also

use the FactSet Revere Relationship data and Compustat customer segment data to identify

the relations between citing and cited firms, including customer-, supplier-, and competitor-

relationships, along with patent licensing-fee relationships. Our final data for the analyses

consists of all public U.S. firm patents between 1976 and 2020. See Internet Appendix Table

A1 for more details on our sample selection procedure.

4.2 Influential and late-bloomer patents

We define a patent as an influential patent if the cumulative citation count of the patent

within its CPC class and grant year cohort is in the 95th percentile or higher at any point

in time during the patent term of 20 years since its grant.1 To make a fair comparison of

citations across patents granted in different years and also to consider the issues of truncation

and citation-clustering raised in Lerner and Seru (2022), we (i) only consider citations during

the term of patenting (i.e., the first 20 years) and (ii) compute the cumulative citation

percentiles within the same grant year and CPC class. By doing so, we restrict our sample

to patents granted between 1976 and 1999, so that the last cohort of patents granted in

1999 has complete 20-year citation data ending in 2020. We remove self-citations from the

citation count as we aim to capture the use of patents by external users.

1The approach using percentile distributions of cumulative citations is well accepted in the literature.
The right-tail parametrization has been shown to highly correlate with the value and commercializability of
a patent (Trajtenberg, 1990; Sampat and Ziedonis, 2004). Also, see Brogaard, Engelberg, and Van Wesep
(2018) as an example of similar convex value-distributions for academic citations.
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By definition, influential patents are significantly more successful patents than the bottom

95% patents based on the number of forward citations. We illustrate the stark differences

in citations between influential and bottom 95% patents in Figure 1. Panels (a) and (b)

compare citation counts of influential and bottom 95% patents over patent age. Panel (a)

plots the average number of citations for each group using different scales for visual clarity.

We note in Panel (a) that citations of both influential and bottom 95% patents grow rapidly

in the initial five years of patent life. The average number of citations for the bottom 95%

patents reaches its peak at the age of five and remains relatively constant thereafter. In

contrast, the average number of citations for influential patents continues to grow, reaching

its peak much later at the patent age of 16. Influential patents also receive a significantly

larger number of citations at every point in the patent’s age (e.g., 3 vs. 0.5 at the age of five).

Consistent with this observation, Panel (b) shows that the cumulative number of citations

for influential patents grows at a much faster rate compared to that of the bottom 95%

patents. In fact, by the patent age of 20, influential patents have accumulated more than

five times the cumulative citations of the bottom 95% patents.

[Insert Figure 1 Here]

We then explore different paths to success by examining the time it takes to become an

influential patent. Panel (c) of Figure 1 plots the distribution of the years it takes for a patent

to be recognized as an influential patent.2 The average (median) time until an influential

patent reaches the top 5% of the cumulative citation distribution within the same grant year

and CPC class is five (three) years. We use the 90th percentile cutoff (14 years) in this

distribution to further characterize patents that take a significantly longer time to become

an influential patent and classify them as “late-bloomer patents.” We call the remaining

influential patents “early-bloomer patents.”

2We denote the year when a given patent becomes an influential patent “influence-year.” We use this
variable extensively in our subsequent analyses when we analyze the timing of the patent-hunting benefits.
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Figure 2 contrasts the divergent paths to the success point between early- and late-

bloomer patents more precisely. Late-bloomer patents receive a small number of citations

near the grant year but accumulate a large number of citations later in their lives. A marked

increase in cumulative citation growth around the patent age of 10 in Panel (a) confirms

this point. The box plot in Panel (b) also shows this convexity of late-bloomer patents

in cumulative citations over the patent age. In contrast, early-bloomer patents start to

accumulate citations early on as shown in Panel (c), and the box plot in Panel (d) shows

their concavity of cumulative citations over the patent age.

[Insert Figure 2 Here]

Next, we examine the differences in patent characteristics at the time of patent grant.

We present the summary statistics that compare different groups of patents in Table 1.

Panel A presents the descriptive statistics of influential and bottom 95% patents. Influential

patents tend to be broader, spanning a larger number of CPC class categories and containing

more patent claims. They are more likely to be assigned to public corporations, make more

backward citations, and experience positive market responses on the grant date as measured

by the KPSS (Kogan et al., 2017) patent value metric. When we compare early-bloomer

patents to late-bloomer patents in Panel B, we see a number of patterns that develop as

the patents age. In particular, confirming Figure 2, early-bloomer patents surge to more

citations early in their lives: having significantly more cumulative citations at age 5, 10,

and even 15 years. However, by the end of the patents’ respective terms, the lead flips,

and late-bloomer patents actually end up with significantly more citations on average than

early-bloomer patents (70 vs. 53).

[Insert Table 1 Here]

At the time of grant, however, the distinction between early- and late-bloomer patents

is less apparent. The KPSS patent values for both types are statistically and economically
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indistinguishable, suggesting that market participants cannot initially differentiate between

them. This insight implies that a patent’s ultimate impact may be significantly influenced

by its subsequent users and citations. These findings motivate a deeper examination of the

characteristics of patents citing early- and late-bloomers, as well as the firms and inventors

that utilize them.

Panel C presents the descriptive statistics of citing patents’ characteristics. Compared

to the focal patents in Panels A and B, we first note that citing patents appear to be less

successful than focal patents in terms of the number of forward citations that they receive.

In contrast, the citing patents make a substantially broader search of patents (e.g., make

significantly more backward citations). It is possible that this result is partly driven by

the fact that those citing patents relative to focal patents are granted later in time, which

increases the size of the entire patent pool for backward citations. However, we find that

within citing patents, those that cite late-bloomer patents particularly make a larger number

of backward citations in comparison to those that cite early-bloomer patents. In our analyses

later, we further focus on this aspect—the breadth of patent users—of late-bloomer patents

to investigate how once-neglected inventions evolve into highly successful innovations.

5 Late-bloomer Patent Characteristics

5.1 Writers and Users

We begin our analysis by contrasting firms that write late-bloomer patents and firms that

use those late-bloomer patents. In theory, users could utilize these patents in a number

of ways, such as purchasing, licensing, or citing the late-bloomer patents explored. Due to

the opacity in defining and precisely delineating the idea-space encompassed by any given

patent’s commercializable right (e.g., the smartphone is associated with over 250,000 patents

and growing (Yang, 2014)), it may make the perceived need or pressure to license or purchase

a given patent less pressing. Consistent with this notion, patent licensing and reassignments
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(purchases) are empirically rare, affecting fewer than 3% of patents (Berman, 2002).3 Patent

citations thus represent by far the most common and empirically observed method through

which firms utilize and build upon innovation. Given this, we focus on contrasting firms that

write late-bloomer patents and firms that cite (i.e., use) those late-bloomer patents. Because

firms can both write and use late-bloomer patents, we sharpen the definition of writers and

users exclusively for comparative statistics that are shown in Table 2. We define here users

of late-bloomer patents to be more exclusive as firms that have never written a late-bloomer

patent themselves during the sample period while they cite at least one. Writers of late-

bloomer patents are defined as firms that have produced at least one late-bloomer patent

during the sample period regardless of whether they have ever cited late-bloomer patents of

other firms.

In Internet Appendix Table A2, we list the top 20 firms for each group of late-bloomer

patent writers and users during our sample period. The first thing we note from the list is

that writers appear to be much older (e.g., U.S. Surgical Corp, Johnson & Johnson, and

IBM) than users, i.e., log(age) of writers is 2.17 whereas that of users is 1.56 (so nearly

double at 9 years vs. roughly 4.8). Since the age gap can drive large differences in many

financial variables mechanically regardless of the writer or user identity, we report summary

statistics using a more refined age-matched sample. Specifically, the users in the refined

sample are the five nearest neighbors of each writer. For this analysis, we use public firms

that have ever written or cited a late-bloomer patent during our sample period. Panel A of

Table 2 presents the summary statistics.

[Insert Table 2 Here]

We first examine various patenting characteristics. From Table 2, the average number

of granted patents in a year is significantly larger for writers than users (29.71 vs. 2.84).

Furthermore, the average number of patents in a year that eventually become influential

3This statistic is also consistent with what we observe in our sample, where only roughly 2.5% of patents
are licensed.
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patents is tenfold greater for writers than users (4.73 vs. 0.51). By construction, users

have no late-bloomer patents while writers generate 0.62 late-bloomer patents per year, and

13.2% of their patents are identified as late-bloomer patents. Regarding patent impacts, we

find that late-bloomer writers receive 63.91 external citations per year while users receive

4.13 external citations per year. Because writers file significantly more patents per year, we

normalize the citation counts per year by the total number of patents per year. We still find

that writers’ normalized citation counts are greater, i.e., 2.45 for writers vs. 1.52 for users,

and the difference is statistically significant. These patterns collectively suggest that late-

bloomer writers have a relative advantage in patenting, both in quantity and quality. Despite

this conclusion, we find an interesting pattern regarding patent claims and commercialization.

We note that the average number of claims is larger for users than writers (17.37 vs. 16.58),

and the difference is statistically significant. The larger number of patent claims implies a

broader patent applicability, and, hence, a higher chance of bringing the invention to markets

as a new product. For a proxy for patent commercialization, we use the total number of new

products (Mukherjee et al., 2022) per year divided by the total number of new patents per

year. Based on this measure, we find that the commercialization rate is also significantly

higher for users relative to writers (25.6% vs. 18.1%). Both results are consistent with the

interpretation that late-bloomer users (patent hunters) particularly stand out as market

players that are relatively more capable of commercializing new inventions.

We then compare financial variables between writers and users. We confirm that the

average age of firms in this age-matched sample is 5 years in both groups and no longer

shows the large age gap after the nearest neighbor matching. Even after the age matching,

we find that the firm size, measured by all aspects—including book assets, market assets,

and total revenues—is significantly larger for writers than users. Consistent with this result,

we find that CAPX investment rates are higher for writers than for users and that writers are

more likely to be mature firms paying dividends to shareholders. We also observe that writers

invest more in R&D than users with the investment rate difference at around 1.6%. However,
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it is important to highlight that users also make significant investments in R&D, indicating

they are still innovative firms but differ in their approach to innovation. We do not find

any other differences in the remaining financial variables, including profitability, leverage,

and advertisement. Lastly, we use the 2002 Input-Output Accounts from the Bureau of

Economic Analysis (BEA) and create a variable for industry consumer dependence. We

define an industry as more consumer-dependent if the industry’s production percentage for

“Personal consumption expenditures” in the BEA Input-Output Accounts is in the top

tercile. We find that user firms are significantly more likely to be in consumer-dependent

industries.

In sum, writers of late-bloomer patents tend to be older, large value firms with a more

extensive stock of patents and citations and greater R&D spending. These firms appear to

have enough resources given their size and investment scales, however do not commercialize

every good innovation they generate. Conversely, users of late-bloomer patents are relatively

smaller in size and younger, however generate significantly more new products per patent,

and are firms more likely to serve consumers directly with their products.

5.2 Persistence in Being Late-bloomer Writers or Users

We note that our analysis in Panel A of Table 2 does not allow for switching between the two

groups of writers and users throughout the period. In this section, we relax our classification

scheme and allow firms to switch between the writer and user groups. Panel B of Table 2

presents a transition matrix where we examine the likelihood of firms changing their writer

or user identity in the next period. Again, we use the sample of public firms that have

ever written or cited a late-bloomer patent during our sample period. We define four sets of

write/user status. Strict Writer is a firm year where the firm produces a late-bloomer patent

based on its grant year but does not cite any late-bloomer patent. Flexible Writer/User

is a firm year where the firm produces a late-bloomer patent based on its grant year and

also cites late-bloomer patents. Strict User is a firm year where the firm cites late-bloomer
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patents but does not produce any late-bloomer patents. Lastly, Idle indicates a firm year

where the firm neither produces nor cites a late-bloomer patent. We present both the number

and percentage of observations for each category.

First, we find that the number of Strict Writer is relatively modest in any given year in

row (a) at only 5.7% (861 out of 14,946) of firm-years. However, when Flexible Writer/User

are added (row (b)), the percentage of writers rises to nearly 25% of the 14,946. Every other

category (rows (b) - (d)), has a sizable amount of persistence, in that the most likely outcome

is staying in the same category, as seen in that the diagonal contains the largest value

(transition probability). In comparison, there exist 4.6 times more Strict Users than Strict

Writer, on average. Moreover, patent hunting appears to be a persistent firm characteristic.

Roughly 72% (89%)4 of current Strict Users (Flexible Users) continue to patent hunt in

some form in the next year.

These transition probabilities, coupled with the descriptive statistics in Panel A, reveal

distinct innovation styles between late-bloomer writers and users. While existing literature

has primarily focused on patent writers and their innovation outcomes, our findings under-

score the distinct role of patent users in the innovative process, suggesting a need for a more

nuanced understanding of innovation dynamics beyond traditional categorizations.

5.3 Inventor Component of Patent Hunting

Although the previous section identifies distinct innovation styles across firms, of course it is

not the entire firm that joins together to patent hunt. Instead, it is likely the R&D team, and

in fact only a subset of the R&D team, that engage in patent hunting. Thus, in this section,

we collect micro-level data on inventors, and investigate the role of individual inventors in

patent hunting. Specifically, we examine the persistence of inventor-level patent hunting,

assessing whether inventors who have engaged in patent hunting in the past are more likely

472% is calculated as the sum of next year either again being a Strict User (50.82%) added to being a
Flexible Writer/User (20.94%). Equivalently, this summed transition probability for Flexible Writer/User
at t is 61.12%+28.18% 89%.
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to do so again, regardless of who they work for. This test aims to answer if patent hunting

can be also initiated by inventors who move from one firm to the other. If so, it suggests

that patent hunting can be influenced by inventor-level attributes in addition to those of

firms. We explore this possibility in Table 3.

[Insert Table 3 Here]

In the first two columns, we only consider an inventor’s subsequent employer. In the

last two columns, we take the average of up to three subsequent employers. The dependent

variable in columns 1 and 3 is an indicator for whether the inventor is involved in any patent

hunting during the subsequent employment period, while the dependent variable in columns

2 and 4 is the average number of late-bloomer patents that the inventor hunts during the

subsequent employment period. We take into account the inventor’s general citing behavior

by controlling for their use of influential patents that include both early- and late-bloomer

patents in addition to individual characteristics including gender, total number of invented

patents, and total number of firms worked for during the sample period, along with their

current employer’s characteristics. The variables of interest are the indicator for whether the

inventor’s current employment is involved with any patent hunting and the total number of

late-bloomer patents that the inventor’s current employment has hunted.

Throughout all four columns, we find that patent hunting of an inventor in her current

employment is positively and significantly associated with patent hunting of the inventor in

subsequent firms. The estimated association is around 7% for the extensive margin and 14-

16% for the intensive margin. We also find that when an inventor cites any influential patents

in the current employment, the inventor is also more likely to hunt late-bloomer patents in

subsequent workplaces. However, this association is much weaker than the association with

solely late-bloomer patents by one-fourth in the magnitude in columns 1 and 3, for example.

Stepping back, these results are consistent with two interpretations of what is driving the

strong relationships at the individual inventor-level: both firm- and inventor-driven. First,

at the inventor level, they are consistent with patent hunting having a key inventor-level
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skill component that follows inventors as they move between firms. Second, it could be

that firms specializing in patent hunting are more likely to search out, and hire, inventors

from other patent-hunting firms. Although it is empirically difficult to distinguish these two

explanations perfectly, the results in these inventor-level analyses highlight the important role

of individual inventors in the late-bloomer patent space, along with adding patent-hunting

skills to the firms which they join.

6 Results

6.1 Benefits of Patent Hunting

In this section, we examine the incentives of being a user of late-bloomer patents (i.e., of

patent hunters). We first conduct firm-level analyses to explore the firm benefits of patent

hunting. We estimate the following regression model:

Yj{t,t+5} = a+ b1LBjt + b2EBjt + b3θjt + γj + ηt, (1)

where j is user firm and t is year. LBjt is the log of one plus the total number of late-bloomer

patents that user firm j cites in year t. To compare the benefits of citing late-bloomer patents

to those of citing early-bloomer patents that have a comparable patent impact, we also

include EBjt in the model. EBjt is the log of one plus the total number of early-bloomer

patents that user firm j cites in year t. The dependent variable for firm benefits is sales

growth or firm value as measured by Tobin’s Q in the subsequent five years. Sales growth

is computed as salesj{t+5}/salesj{t} − 1, and Avg Tobin′s Q is the five-year firm average of

Tobin’s Q over t to t+5. The regression is at the user firm-year level and includes firm-level

control variables (θjt), firm fixed effects (γj), and year fixed effects (ηt). Standard errors are

clustered at the firm level. Table 4 presents the results from the estimation of Eq.(1).

[Insert Table 4 Here]
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We find in columns 1 and 2 that the intensity of patent hunting (finding and building

upon late-bloomer patents) is associated with significantly higher future sales growth and

firm value. The coefficients translate into a 6.7% increase in sales growth and a 1.9% in-

crease in average Tobin’s Q from their unconditional means associated with doubling the

number of late-bloomer patents hunted. In contrast, we find coefficients on EB in both

columns are significantly negative. While it is highly probable that a firm cites both late-

and early-bloomer patents in a year or even within its single patent, the incremental benefits

of searching, finding, and building upon early-bloomer patents do not appear to provide

incremental benefit in the same manner as late-bloomer patents.

In columns 3 and 4, we examine the differential benefits of citing late-bloomer patents

early vs. later by replacing LB with Early LB and Late LB. Early LB is the number of late-

bloomer patents that a user cites, where the citation occurs among the first three citations

on a given late-bloomer patent since its grant and prior to its influence-year. Late LB is

the number of the rest of late-bloomer patents that the user cites. We find that the benefits

of early hunting are larger in point estimates for sales growth and firm value than those for

late hunting. These findings are consistent with those hunters being early finders, adopters,

and innovating upon, neglected ideas reaping greater benefits relative to later followers and

adopters.5

Overall, the firm-level analyses provide initial evidence consistent with benefits associated

with patent hunting in terms of future firm growth and value. The benefits appear to

be exclusive to hunting late-bloomer patents and do not extend to early-bloomer patents.

Importantly, in the next section, we explore an exogenous event shocking the intensity of

5In Internet Appendix Table A3, we consider analogous tests for patent writers. The coefficient estimates
in all columns are standardized for ease of comparison. In the first two columns, we examine the association
between writer firms’ financial benefits and the total number of late bloomers written in a year. In the last
two columns, we present the corresponding results of users as in the first two columns of Table 4, again using
standardized measures for ease of comparison with the coefficients on writer benefits in columns 1 and 2.
In columns 1 and 2, we find writing late-bloomer patents is positively and significantly related to writers’
future firm value while there is no relation to sales growth. However, such benefits are significantly smaller
than those of users shown in columns 3 and 4, and the firm value increase with writing late-bloomer patents
is only about one-third of writing early-bloomer patents in column 2.
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patent hunting at a given firm, and show evidence consistent with Table 4 supporting the

causal benefits of patent hunting on firm sales and value.

To further elucidate the benefits of patent hunting, we employ a patent-level difference-

in-differences analysis. This approach compares the sales growth and firm value of patent

writers and users across three patent categories: late-bloomers, early-bloomers, and bottom

95% patents. For late- and early-bloomers, we examine changes before and after the year

they reach the top 5% of cumulative citations within their grant year and CPC class (the

influence-year). For the bottom 95% patents, we use the peak year of their forward citations.

This methodology allows us to isolate the specific impacts of different patent types on firm

performance. We estimate the following model:

Yijpt = a+ b1Userijp + b2Iyear
post
pt + b3Userijp × Iyearpostpt + b4θit + b5δjt + γp + ηt, (2)

where j is user firm, p is focal patent created by writer firm i, and t is year. Userijp is an

indicator that equals one for user firm j of patent p created by firm i and zero for writer

firm i of the same patent. We consider writer-user pairs within the 20 years of the focal

patent’s grant. The dependent variable for firm benefits is sales growth or Tobin’s Q. For

late-bloomer and early-bloomer patents, Iyearpostpt equals one if t is after their influence-year

and zero otherwise. For a bottom 95% patent, Iyearpostpt equals one if t is after patent p’s

peak year in forward citations and zero otherwise. The regression is at the focal patent-firm-

year level and includes firm-level control variables (θit, δjt), focal patent fixed effects (γp),

and year fixed effects (ηt). Standard errors are clustered at the focal patent-by-year level.

Based on this patent-level approach, Internet Appendix Table A4 documents that late-

bloomer users (patent hunters), on average, have larger sales growth and firm value relative

to the writers of the patents themselves. We do not observe similar patterns in early-bloomer

patents and the bottom 95% patents. These patent-level analyses provide support for the

idea that these benefits appear to be exclusive to hunting late-bloomer patents and do not

extend to early-bloomer patents, suggesting a distinct value in identifying and leveraging
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previously overlooked innovations.6

Next, we investigate how patent hunting contributes to sales growth and firm value,

focusing on its link to new product creation. We use a measure of new product launches

developed by Mukherjee et al. (2022), based on media articles announcing new product

introductions.7 We then modify Eqs.(1) and (2) by replacing the dependent variable with

the log of one plus the total new product launches in a given year. Internet Appendix Table

A6 presents the results. Firm-level analysis (column 1) shows patent hunting is strongly

associated with increased new product launches over the next five years (a 2.2% increase

in new product launches when doubling the use of late-bloomer patents). Early-bloomer

citing also correlates with new product growth, but its effect is significantly weaker—less

than half the magnitude of late-bloomer citing. Patent-level analysis (column 2) confirms

that patent hunters produce more new products than late-bloomer writers, particularly after

their influence-years. In contrast, late-bloomer writers show no significant increase in new

product creation after their influence-years, based on the coefficient estimate for stand-

alone Iyearpost. Early-bloomer writers (column 3) also experience a decline in new product

launches after their patents’ influence years while early-bloomer users’ benefits are near zero

and statistically insignificant. For the bottom 95% of patents (column 4), users appear to

generate significantly fewer new products than writers, regardless of timing. These findings

suggest that late-bloomer patents stand out because their users, rather than their writers,

gain greater benefits from new product development. This advantage likely explains why

6Fadeev (2024) find that patent citations might be largely driven by business relations. To address
this possibility, in Internet Appendix Table A5, we re-estimates the patent-level results in Table A4 by
dropping citations possibly driven by business relationships. To identify business relationships between
citing and cited firms, we obtain business relationship data from FactSet Revere and Compustat customer
segment data between 2003 and 2017. Due to the availability of data, the sample period for this analysis is
restricted to 2003-2017. Following Fadeev (2024), we identify firm pairs categorized as partners (licensing,
research collaboration, joint venture), suppliers, or customers as relationship-based citations and exclude
them from the analysis. We find that our results are still economically large and significant in this sample
with no business relationships, indicating that patent hunting benefits do not appear to be driven by business
relationships. This result reinforces our conclusion that there are unique benefits in searching out, finding,
and building upon, overlooked late-bloomer patents, unrelated to business relationships.

7We thank the authors for sharing their data. We assign a zero value in their measure, when no significant
product launch is reported.
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patent hunters experience stronger sales growth and firm value compared to writers.

We reinforce this interpretation with an additional analysis in Internet Appendix Table

A7. We predict that if late-bloomer patents create new fields (markets), the number of subse-

quent patents in those fields will rise. In column 1, we examine subsequent patents in a focal

patent’s CPC class, finding that early-bloomer patents see a decline after their influence-

years. This suggests that their fields peak earlier. In contrast, late-bloomer patents expe-

rience a significant increase, indicating their influence-years coincide with field expansion.

Since new fields may emerge outside a focal patent’s own CPC class, column 2 considers an

alternative definition of a new field, the most frequent CPC class pair among citing patents.

We then count subsequent patents within this dominant pair and find a similar pattern that

late-bloomer patents are associated with a significant rise in follow-on innovation after their

influence-years.

The results in this section collectively suggest that, despite receiving less initial recogni-

tion, late-bloomer patents ultimately open up significantly more new markets and innovation

spaces than early-recognized patents.

6.2 Shocks to the Supply of Patent Hunting Inventors

The previous section shows evidence for positive realizations associated with patent hunting.

However, one might be concerned that these results are driven instead by some unobserved

firm characteristics affecting both sales growth and patent hunting behavior, or even perhaps

that expected future growth in sales or firm value (that on average materialized) prompts and

allows slack to hunt for neglected ideas. To address such endogeneity concerns, we consider

an identification strategy based on an instrumental variable (IV) approach that exploits our

findings on patent-hunting inventors.

In Section 5.3, we show that patent hunting is partly an inherent inventor trait persisting

across workplaces. This suggests that we can exploit the forced moves of patent-hunting

inventors due to neighboring firms’ bankruptcies as an exogenous shock to focal firms’ patent
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hunting intensity. Doing so leverages the quasi-random nature of bankruptcies and the

subsequent redistribution of talent to nearby firms. To address potential confounding effects

of local bankruptcies on firm sales (e.g., reduced competition or changes in local economic

conditions), we narrow our comparison to a tight set of firms with bankrupt neighbors. This

ensures that all firms in our analysis are exposed to similar local economic shocks, isolating

the effect of changes in patent hunting talent. Crucially, we use the relative patent hunting

intensity of the bankrupting firms as our instrument, capturing the differential shock to

the patent-hunter supply in nearby firms. This approach allows us to measure the varying

degrees of exposure to patent hunting talent across firms, even within the same local area.

Firms located near bankrupting companies with higher concentrations of patent hunters are

likely to experience a larger influx of this specialized talent.

The figure below illustrates our instrumental variable approach. We analyze treated

firms that have at least one bankrupt neighboring firm within a 100-mile radius (depicted by

large circles). Each bankrupt neighbor (shown with dashed rectangles) contains inventors

(small circles) whose patent-hunting intensity varies (indicated by different shading, with

darker circles representing higher hunting intensity). Our analysis compares treated firms

exposed to different levels of patent-hunting intensity from their bankrupt neighbors. As

shown, we compare changes in sales growth and firm value between Treated Firm A (whose

bankrupt neighbor has an average inventor hunting intensity of 0.2) and Treated Firm B

(whose bankrupt neighbor has an average inventor hunting intensity of 0.5). The direct

comparison between these treated firms (indicated by the arrow labeled Comparison) allows

us to estimate the benefits of patent hunting.
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This approach isolates our analysis from concerns about the exclusion restriction related

to bankrupt neighbors. By focusing on variations in available patent-hunting talent rather

than bankruptcies themselves, we can assess the genuine impact of patent hunting on firm

innovation and performance. Our instrument’s validity depends on two critical assumptions:

first, that neighboring firms’ bankruptcies are exogenous to the focal firm’s innovation strat-

egy; and second, that these bankruptcies influence the focal firm’s patent-hunting activity

solely through inventor movement. We believe that our careful sample and instrument con-

struction reasonably satisfy these conditions. This methodology enables us to determine

the causal relationship between patent hunting supply and outcomes, providing strong evi-

dence on whether patent hunting genuinely drives innovation and firm performance or merely

correlates with other firm characteristics or broader economic trends.

In this analysis, we only consider firms in our sample located within a 100-mile radius of

bankrupt neighbors and examine inventor spillovers from the bankrupt neighbors to nearby

firms. The idea behind this approach is that when a neighboring firm goes bankrupt, in-

ventors from the bankrupt firm are highly likely to join nearby firms and continue hunting

late-bloomer patents at the new firms if they have previously engaged in such activities as

shown in Table 3. In support of this logic, we find that approximately 20% of inventor moves

occur within a 100-mile radius, both unconditionally and in association with bankruptcies.

We use the hunting intensity of the bankrupt neighbor prior to bankruptcy as our instru-
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ment. We expect a positive correlation between the bankrupt neighbor’s hunting intensity

and the subsequent hunting activities of nearby firms, given the propensity of inventors from

bankrupt firms to move to nearby firms. Conversely, we do not expect the bankrupt neigh-

bor’s hunting intensity to be correlated with the sales growth and value of nearby firms,

except through the effects of inventor moves. Again, it is not that nearby bankruptcy af-

fects sales growth and firm value. By restricting the sample for the IV analysis to solely

those firms with bankrupting neighbors, we alleviate this concern and solely vary the extent

to which patenting intensity of the nearby bankrupting firm has an impact on neighboring

firms. We estimate the following first-stage regression for each IV and present the results in

the odd-numbered columns of Table 5:

LBjkt = a+ b1 bankrupt neighbor hunting intensityjk{t−3} + γj + ηmt, (3)

where j is user firm, k is the bankrupt neighbor, t is year, and m is firm j’s major technology

focus. To account for the fact that it takes time for the moving inventor to develop new

patents at a new firm, we lag the instruments by three years (t−3). The dependent variable is

LBjkt, the log of one plus the number of cited late-bloomer patents by the use firm j near the

bankrupt neighbor k in year t. The regressions are at the user firm-year level consistent with

Table 4 and include firm fixed effects (γi) and CPC section-by-year fixed effects (ηmt). We

note that the specification particularly includes firm j’s primary technology focus (proxied

by its most patented CPC technology section among patents granted in the last five-years)

by year fixed effects. This inclusion of technology-by-year joint fixed effects addresses the

concern that firms in the same technology sector tend to be geographically clustered, and

the bankruptcy of one firm may signal the start of a broader economic revival for other firms

in the same technology sector. Standard errors are clustered by the bankruptcy area-by-year

level to account for the correlation within the area (within 100 miles from the bankrupt

neighbor) and year.
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[Insert Table 5 Here]

We measure the bankrupt neighbor’s hunting intensity in two different ways. Table 5

report the results using the average of inventor-level hunting intensities within firm as the

instrument, while Internet Appendix Table A8 reports the result using the firm-level fraction

of hunting inventors as the instrument. bankrupt neighbor hunting intensity is the past three-

year average before bankruptcy, considering that inventors may not file patents every year.

A bankrupt neighbor’s hunting intensity is set to zero when no bankruptcy occurs. When

multiple bankruptcies occur within the same 100-mile radius at the same time, we use the

average hunting intensity of all bankrupt firms.

We find a strong and significant first-stage effect of the IV on nearby firms’ patent hunting

with significance at the 1%-level in the first stage in columns 1 and 3. The F-statistics also

well exceed the threshold of 10 suggested by Stock and Yogo (2005) for this test, indicating

a strong instrument. We then estimate the following second-stage regression in the even-

numbered columns (columns 2 and 4):

Yj{t,t+5} = a+ b1L̂Bjt + γj + ηt. (4)

The dependent variable for firm benefits is sales growth or the average Tobin’s Q in

the subsequent five years. The coefficient estimates for the instrumented patent hunting

are positive and statistically significant. An increase in patent hunting, driven exclusively

by the spillover of hunting-inventors from bankrupt neighbors, significantly boosts nearby

firms’ future sales growth and firm value. Specifically, a one standard deviation increase in

the instrumented LB leads to a remarkable doubling of the sales growth and 27.3% increase

in sales growth and firm value in columns 2 and 4, respectively. To put this in perspec-

tive, the mean five-year sales growth and average Tobin’s Q in our sample are 121.4% and

2.24, respectively. These substantial effects underscore the economic significance of patent

hunting activities. By leveraging the exogenous variation in patent hunting talent caused by

29



neighboring bankruptcies, our IV analysis reinforces our main findings and provides robust

evidence that the benefits accrued from hunting late-bloomer patents are indeed causal, not

merely correlational. This causal link strengthens the argument for patent hunting as a

critical driver of innovation and firm growth.

In Internet Appendix Table A9, we present results from an extended analysis that in-

corporates large layoffs as an additional channel for inventor moves. The layoff data is

sourced from establishment-level Worker Adjustment and Retraining Notification (WARN)

filings. To ensure that the layoffs are relevant to inventor moves, we restrict the WARN data

to establishments with a history of patenting activity. Our findings remain robust when

considering both bankruptcies and large layoffs as channels for inventor movement.8

6.3 Falsification Tests

To ensure the robustness and validity of our IV analysis, we perform a series of extensive

falsification tests. These tests are designed to rule out alternative explanations and confirm

that the observed results are not driven by confounding factors or methodological issues.

In Table 6, we present four sets of falsification tests, where we re-estimate the first-stage

or second-stage regression models from Table 5 by substituting either the dependent or

instrumental variables.

[Insert Table 6 Here]

Panel A present results from re-estimating the first-stage regression models with lagged

values of the dependent variable. Specifically, we replace LBt with values from one to four

years prior to t (i.e., LBt−1 to LBt−4). This falsification ensures that the observed first-stage

effect is not driven by pre-existing trends but is sharply influenced by inventor spillovers from

bankrupt neighbors. Across all columns in Panel A, we indeed find no evidence of pre-existing

8We use the analyses based on firm bankruptcies for our main IV results, as bankruptcies necessitate the
departure of all employees, including inventors, whereas layoffs do not guarantee that inventors are among
those affected.
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effects of bankrupt neighbor hunting intensity. Panel B assesses the sensitivity of our second-

stage results by replacing the dependent variable with lagged value of Sales growtht−5,t

or Avg Tobin′s Qt−5,t from the previous five years. This ensures that the second-stage

effects of the increased patent hunting due to inventor spillovers from bankrupt neighbors

are tied to future outcomes and rules out the possibility that they are driven by other factors

observed before neighboring bankruptcy events. Across all columns in Panel B, we find that

the increased patent hunting through inventor spillovers from bankrupt neighbors is not

associated to past firm outcomes. Panel C extends the falsification analysis by examining

the effect of the instrument on other patenting activities beyond late-bloomer hunting in the

first-stage regressions.

Panel C confirms that our instrument affects only late-bloomer patent hunting, not other

patenting behaviors. This strengthens our argument that the instrument’s impact operates

exclusively through late-bloomer patents, rather than through broader patenting activities

of focal firms. We find no effect on focal firms’ use of early-bloomer patents or patents in the

bottom 95%. In Panel D, we validate our approach by testing alternative instruments that

should not directly influence focal firms’ late-bloomer hunting. We examine two placebo

instruments: one based on bankrupt neighbors’ early-bloomer patent usage intensity and

another based on bankrupt neighbors’ total inventor count. Neither placebo instrument

shows any first- or second-stage effects on focal firms, further supporting the specificity of

our primary instrument.

In general, the comprehensive set of falsification tests we perform in this section provides

strong evidence to support the validity of our IV analysis. Each test effectively rules out

alternative explanations, reinforcing the conclusion that our results accurately capture the

causal relationship between patent hunting and positive firm outcomes. These tests under-

score the robustness of our findings and ensure that the observed effects are driven by patent

hunting, not by confounding factors or pre-existing trends.
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7 Mechanism Underlying Patent Hunting

7.1 Patent Writers’ Incentives

Thus far, our results indicate that late-bloomer patents uniquely benefit users more than

writers, particularly through new product creation and commercialization. This raises an

important question: what motivates firms to write these patents in the first place? In

this section, we explore the incentives that drive late-bloomer patent creation despite the

seemingly greater benefits that accrue to patent hunters rather than the original inventors.

First, we examine the characteristics of late-bloomer patents within the writer firms’

patent portfolios. To do so, we regress an indicator variable for a late-bloomer patent on

several patent and firm characteristics at the time of patent grant. For those characteristics,

we particularly focus on the following three constraints under which writers may optimally

delay implementing (or overlook) ideas and patents: (i) capacity constraints, (ii) a compet-

itive threat, and (iii) financial constraints.

For measures of capacity constraints, we consider tech-class weight and tech-class dist to

core. tech-class weight is the fraction of the writer’s patents in a specific CPC class of a given

patent over the entire sample period. This measure captures the importance of a particular

technology class to the patent’s writer. tech-class dist to core is the class-to-class proximity

between the CPC class of a given patent and the core CPC class of its writer. The core CPC

class is the CPC class with the highest tech-class weight within a firm. The class-to-class

proximity measure is the distance between two CPC classes computed using the vector of

how many patents with other CPC classes cite the patents in a given CPC class.

For a measure of competitive threat, we use log(competing patent stock) which is the log of

the total number of patents from U.S. public firms with the same CPC class up to the grant

year of a given patent. This measure captures how many other players exist in the same

technology space at the time a given patent is produced. Lastly, for financial constraints,

we consider the KZ index (Kaplan and Zingales, 1997), firm size and age following Hadlock
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and Pierce (2010), and the textual analysis-based measure of financial constraints by Linn

and Weagley (2021) (referred to as the LW index).9

In addition to these constraint measures, we control for firm size, age, profitability, CAPX

investment, and R&D investment. The regression is at the patent level (one observation

per patent) by taking the averages of relevant variables when a patent has multiple CPC

classes and using the grant-year data when control variables are time-varying. The regression

includes both the writer and grant year fixed effects. Table 7 presents the results.

[Insert Table 7 Here]

In Table 7, columns 1 and 2 employ tech-class weight as a measure of intellectual capacity

constraints, while columns 3 and 4 use tech-class dist to core. The KZ index (columns 1 and

3) and the LW index (columns 2 and 4) measure firm financial constraints. We also include

firm size and age as additional proxies for financial constraints, following Hadlock and Pierce

(2010). Our findings consistently show that a patent is more likely to become a late-bloomer

when: i) it falls outside the writer’s primary technology space, or ii) it is more distant

from the firm’s core technological competencies. Additionally, patents in relatively novel

technology spaces (with fewer competing patents) are more likely to become late-bloomers.

Interestingly, financial constraints do not appear to significantly influence the timing of

late-bloomer patent commercialization. These results align with the characteristics of late-

bloomer patent writers—typically older, larger firms with sufficient cash reserves—suggesting

that these firms possess the financial flexibility to invest in innovations that may not require

immediate commercialization.

More broadly, these dynamics suggest a rational response by writers, in that they have

attenuated incentives to rapidly commercialize a new idea when the development cost is

9While Hoberg and Maksimovic (2015) pioneered the use of textual analysis to measure financial con-
straints, we opt for the approach developed by Linn and Weagley (2021) due to our extended sample period.
Linn and Weagley (2021) employ a machine learning algorithm, specifically random decision forests, to esti-
mate the relationship between firm-level accounting variables and financial constraints. Their method covers
the period from 1972 to 2021, aligning well with our study’s time frame and providing a more comprehensive
measure of financial constraints for our analysis.
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high—due to increased learning costs or opportunity costs from entering a new space—or

when they are facing a less competitive threat. The results in Table 7 are also consistent

with an intermediate solution in which late-bloomer patents represent ideas that the writers

have attempted to commercialize but ultimately did not succeed, or they did not continue

to pursue for similar reasons.

7.2 Patent-Complexity and Competition

In this section, we investigate the factors that may affect the value of patent hunting, focus-

ing on two key aspects: (i) the complexity of the patent itself, which likely affects the cost

of processing and integrating it into one’s own innovation, and (ii) the intensity of hunting

competition for a given patent. While patent complexity is often unknown before searching,

high ex-post complexity could potentially reduce the overall benefits due to increased pro-

cessing and integration costs. Similarly, although the level of competition in a technology

space is somewhat uncertain ex-ante, intense ex-post competition (i.e., multiple firms vying

to integrate the same idea) might be expected to diminish the potential benefits for any in-

dividual hunter. We explore both of these dimensions in Table 8, aiming to provide insights

into how these factors shape the effectiveness and value of patent hunting strategies.

[Insert Table 8 Here]

The sample for this analysis consists of all firms in our sample that hunt late-bloomer

patents. The dependent variables are late-bloomer users’ next five-year sales growth and

average Tobin’s Q. In columns 1 and 2, we consider search costs using the Gunning fog index

as a proxy for the complexity of patent text. The index quantifies document readability,

with higher values indicating greater complexity. Consistent with the above dynamics, the

results in columns 1 and 2 suggest that the benefits of using late-bloomer patents decline

with the complexity of the targeted patent. This effect is particularly pronounced for firm

value that incorporates the cost components of patent hunting. The point-estimate for sales
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growth is negative but not statistically significant. Columns 3 and 4 explore competition

dynamics using the number of competing patent hunters in the same technology class. In

both columns, patent hunter benefits decrease significantly in both sales growth and firm

value when competition is more intensive to exploit similar technologies. Consistent with the

search cost model in Section 3, this evidence suggests higher costs of patent hunting reduce

the net benefits associated with the search strategy of hunting.

8 Is Patent Hunting a Sideshow?

Our central finding suggests that patent hunting is associated with sales growth and increased

value for user firms, primarily by facilitating the successful commercialization of new inven-

tions. However, a legitimate concern arises: could patent hunters like Nvidia possess inherent

capabilities that predispose them to pioneering new product markets with exceptional inno-

vations, regardless of their citation of late-bloomer patents? If so, citing these patents might

be merely a formality—a courteous acknowledgment of earlier work or a compulsory addition

required by patent examiners during the approval process. Alternatively, in the natural flow

of technological progress, certain firms might inevitably encounter new technologies at op-

portune moments, enabling commercialization where their predecessors lacked the necessary

complementary technologies or market demand. In both scenarios, patent hunting would

coexist with the observed benefits, new product creation, and other success metrics, but

might not be a necessary catalyst for this evolution. This section aims to disentangle these

possibilities and establish whether patent hunting is indeed a critical driver of innovation

and growth, or merely coincidental to firms’ inherent innovative capabilities.

To address these potential concerns and establish the causal role of patent hunting in

driving innovation and firm performance, we employ a two-pronged approach. First, we use

an identification strategy shocking the supply of patent hunters available in a region, and

examine this effect on the innovative process and outcomes. Second, we explore a learning

curve of patent hunting, along with using a number of detailed characteristics of the patents
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themselves. These include Natural Language Processing (NLP) techniques to explore how

the hunted patent is cited in the text of the hunter’s patent itself; along with whether the

patent hunter organically discovered and cited the patent versus being forced by a patent

examiner to do so.

8.1 Valuable Patent Hunting: Learning Component, Technologi-

cal Distance, and Self vs. Examiner Added Citations

In this subsection, we explore inference using a complementary set of tests, based on the

following three approaches. First, we examine the learning component of patent hunting. We

expect that patent hunting is indeed a skill, not a mere formality, if more experienced patent

hunting leads to greater benefits. Second, we examine the technology distance between patent

hunters’ own patents and the late-bloomer patents that they cite. We expect that patent

hunting is more technologically meaningful if the distance to cited late-bloomer patents is

smaller than the distance to other cited patents. Third, using NLP of the text of the patent

itself, we examine in-text mentions of late-bloomer patents. Patents mentioned in the text

of the patent are both more likely to have been searched by the inventor, along with being

more pivotal to their innovation. Further, we contrast the likelihood that the late-bloomer

patents being added by the patent examiner versus the hunters themselves. Table 9 presents

the results of these analyses.

[Insert Table 9 Here]

In Panel A, we compare the financial benefits of patent hunting by experienced and

less-experienced patent hunters. We estimate the patent-level specification in Eq.(2) for

subgroups of experienced users (columns 1 and 2) and less-experienced users (columns 3 and

4). Experienced users are firm-years in the top 10% distribution in the firm-level average of

the late-bloomer fraction among all patents that the user cited in the past 5 years from a

given citing year. The remaining firm-years are less experienced users. We find, based on
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the coefficient estimates on the interaction term between user and Iyearpost, that financial

benefits are significantly greater for experienced users in both sales growth and firm value.

For experienced users, sales growth benefits are four times larger, and Tobin’s Q benefits are

significantly positive, while they are negative for less-experienced users. These results are

consistent with patent hunting having a firm-level learning component.

In Panel B, we analyze the technological proximity between patent hunters’ own patents

and cited late bloomers compared to other cited patents by the same users. If citing a late-

bloomer patent lacks intentional consideration, we expect to observe no significant difference

in the distance between hunters’ own patents and late-bloomer patents compared to other

cited patents. However, column 1 shows that the technological distance between user patents

and the cited late bloomer patents is notably closer than the distance to other cited non-late

bloomer patents. We find that cited late bloomers are much closer to users’ own patents than

cited the bottom 95% patents in column 3, albeit slightly farther than cited early bloomers

in column 2, with the difference being significantly smaller than that in column 3.

Lastly, in Panel C, we examine (i) the likelihood of being mentioned in the text part

of citing patents (i.e., in-text citation rather than front-page citation), (ii) the number of

in-text mentions, (iii) the sentiment of neighboring words around text mentions, and (iv) the

likelihood of being cited by examiners. We compare these statistics of cited patents across

late-bloomer and non-late-bloomer groups. In column 3, we find that late-bloomers, when

compared to non-late-bloomer patents, are more likely to be referenced in the text part of

users’ own patents, have more positive sentiment when mentioned in the text part, and are

significantly less likely to be added by examiners.

In Internet Appendix Figure A3, we explore further dimensions of cited late-bloomer

patents including their overall impact on the broader innovation landscape after being cited

and the impact of patent hunters’ own patents after citing them. Panel (a) plots the growth

in forward citations that late bloomers, early bloomers, and bottom 95% patents receive after

they are cited by patent hunters. If patent hunters’ citation of a hunted patent merely served
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to acknowledge an earlier work, we would not observe notably distinct subsequent impacts

of these patents on the entire innovation landscape compared to other cited patents. The

figure shows that hunted patents experience a 20% increase in forward citations on average

during the five years after patent hunters cite them. In stark contrast, early bloomers

exhibit a decline in citation growth, with the bottom 95% patents showing an even more

pronounced negative trajectory. These findings suggest that citing late bloomers carries

distinctive importance and should not be equated with citing other patents. Panel (b)

plots the subsequent citations of patent hunters’ own patents, distinguishing between their

organic patents and those that use hunted patents. Organic patents are defined as patents

with greater backward self-citations. The figure shows that patents hunting late bloomers

in their backward citations receive markedly more forward citations over the following ten

years from their grant. These findings within patent hunting firm (e.g., within Nvidia’s own

set of patents) exhibit significantly greater influence across the wider innovation landscape

for hunted patents versus their other innovative outputs.

9 Conclusion

We use the universe of patents granted over the past five decades to provide new insight

into the fundamental chain of experimentation, search, and implementation that underlies

the innovation process. Namely, we document large sample evidence of the importance of

patent hunters—agents in the later stages of the innovation chain that engage in directed

innovative search of seeking out, developing, and commercializing overlooked patents—in

the eventual life-cycle of influential patents. We show that amongst all influential patents,

a sizable number are characterized by “late-blooming” on which patent hunters play a key

role. These late-blooming patents, even though initially overlooked, on average are more

influential than early-blooming patents, and open up significant new product markets.

To establish causality, we leverage inventor mobility following neighboring firm bankrupt-

cies, with the idea being that when nearby firms declare bankruptcy, their patent-hunting
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inventors often join nearby companies, creating quasi-random variation in patent-hunting

capacity. Our approach compares firms that all experienced local bankruptcies but were

differentially exposed to patent-hunting talent based on their bankrupt neighbors’ hunting

intensities. This strategy isolates the causal impact of patent hunting from broader economic

shocks. The results confirm that patent hunting delivers substantial benefits to firm per-

formance rather than simply correlated with other firm characteristics or broader economic

conditions.

Patent hunters amass substantial benefits from detecting neglected patents in terms of

sales growth, Tobin’s Q (market value), and new products. The patents that they search

out tend to be closer to their core (and are more peripheral to the writers), along with being

in—at that moment they are patented—less competitive idea and innovation spaces. Patent

hunting is persistent at the firm level and appears to have a learning component, as the

benefits increase with patent hunting activities within firm. Patent hunting also appears to

have inventor-level components, as hunted patents are more valuable when tied with original

inventors, along with patent-hunting inventors continuing their hunting across workplaces.

The patent-hunting process also appears to have spillovers for the system in terms of

creating more attention, innovation, and new product development in the hunted patents’

idea spaces. Taken together, the results represent a new understanding of the latter stages

of the innovation process, an area that is less well-understood and has received relatively less

attention. Future research should continue to explore these dynamics, along with other im-

portant agents and factors that ultimately underlie successful (and unsuccessful) realizations

following the initial idea and patenting stages of innovation.
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Figure 1: Influential patent forward citations over time

A patent, granted between 1976 and 1999, is classified as an influential patent if the cumulative citations
within the CPC class and grant year cohort are in the 95th percentile or higher at any point in time during
the patent term of 20 years since its grant. Panel (a) plots the average number of citations each year,
excluding self-citations, over the patent age. Panel (b) plots the cumulative number of citations. Panel (c)
shows the distribution of time until becoming an influential patent.

(a) Average citations

(b) Cumulative citations

(c) Time until becoming an influential patent
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Figure 2: Late-bloomer vs. early-bloomer patent cumulative citations

The sample consists of influential patents granted between 1976 and 1999. The figures on the left panel (a
and c) plot the average number of cumulative forward citations over patent age. The figures on the right
panel (b and d) present the box plots of the number of cumulative forward citations, where the mid-line and
upper/lower hinge represent the median and the interquartile range between the 25th and 75th percentiles,
respectively. An influential patent is a patent that has ever reached the 95th percentile of the distribution of
cumulative forward citations (net of self-citations) within its cohort of the same CPC class and grant year
during 20 years since its grant. A late-bloomer patent is a patent that takes an excessively long time period
before it becomes an influential patent. We use the 90th percentile point in the time-to-influence distribution
(14 years) to define the excessively long time period. An early bloomer is an influential patent that is not
classified as a late-bloomer patent.

(a) Late-bloomer patents (b) Late-bloomer patents

(c) Early-bloomer patents (d) Early-bloomer patents
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Table 1: Summary statistics

The table presents summary statistics of patent characteristics. Panel A compares influential patents and
the bottom 95% patents granted between 1976 and 1999. Panel B compares late-bloomer and early-bloomer
patents using the sample of only influential patents. An influential patent is a patent that has ever reached
the 95th percentile of the distribution of cumulative forward citations (net of self-citations) within its cohort
of the same CPC class and grant year during 20 years since its grant. A late-bloomer patent is a patent that
takes an excessively long time period before it becomes an influential patent. We use the 90th percentile
point in the time-to-influence distribution (14 years) to define the excessively long time period. An early
bloomer is an influential patent that is not classified as a late-bloomer patent. Panel C compares citing
patents of early-bloomer and late-bloomer patents. See Internet Appendix A for other variable definitions
in detail. ***p<0.01, **p<0.05, *p<0.1.

Panel A: Influential vs. bottom 95% patents
Influential patents Bottom 95% patents

mean p 50 sd mean p50 sd difference
Issue year 1989.90 1991.00 6.84 1989.61 1991.00 6.95 0.29***
Cum. citations at age 5 10.17 8.00 10.00 1.96 1.00 2.39 8.20***
Cum. citations at age 10 23.12 16.00 24.40 4.43 3.00 5.07 18.69***
Cum. citations at age 15 38.04 23.00 47.16 6.84 4.00 8.23 31.20***
Cum. citations at age 20 54.26 30.00 76.22 9.31 6.00 12.17 44.95***
Count class 2.06 2.00 1.29 1.83 2.00 1.07 0.23***
Count claims 15.85 12.00 13.98 12.27 10 10.17 3.58***
Avg. claim word count 77.70 62.75 56.40 76.45 61.44 57.10 1.25***
Two-examiners 0.42 0.00 0.49 0.39 0 0.49 0.03***
Backward citation 12.13 8.00 15.82 9.39 7 10.52 2.74***
Individual inventor 0.02 0.00 0.15 0.02 0 0.15 -0.00***
Public 0.46 0.00 0.50 0.39 0 0.49 0.07***
KPSS value 11.28 3.90 31.45 9.08 3.26 23.56 2.19***
Unique number of patents 213,772 1,499,277

Panel B: Late-bloomers vs. early-bloomers
Late-bloomers Early-bloomers

mean p 50 sd mean p50 sd difference
Issue year 1989.44 1991.00 7.06 1989.95 1991.00 6.82 -0.51***
Cum. citations at age 5 3.80 3.00 3.32 10.88 8.00 10.24 -7.08***
Cum. citations at age 10 11.29 9.00 8.33 24.44 17.00 25.23 -13.15***
Cum. citations at age 15 31.19 23.00 24.52 38.80 23.00 48.97 -7.61***
Cum. citations at age 20 69.80 49.00 64.73 52.53 28.00 77.20 17.27***
Count class 2.17 2.00 1.39 2.05 2.00 1.28 0.12***
Count claims 16.02 13.00 14.13 15.83 12.00 13.96 0.19**
Avg. claim word count 74.01 60.12 53.84 78.11 63.00 56.66 -4.09***
Two examiners 0.41 0.00 0.49 0.42 0.00 0.49 -0.01**
Backward citation 12.41 8.00 17.64 12.09 8.00 15.61 0.32***
Individual inventor 0.02 0.00 0.14 0.02 0.00 0.15 -0.00*
Public 0.46 0.00 0.50 0.46 0.00 0.50 -0.01**
KPSS value 11.15 4.31 29.61 11.29 3.85 31.65 -0.14
Unique number of patents 21,960 191,812
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Panel C: Citing patents of late-bloomers vs. and early-bloomers
Late-bloomer citing patents Early-bloomer citing patents
mean p50 sd mean p50 sd difference

Issue year 2006.42 2008.00 9.20 2003.70 2004.00 10.35 2.72***
Cum. citations at age 5 5.05 2.00 11.71 4.04 2.00 8.47 1.01***
Cum. citations at age 10 15.39 7.00 29.49 11.05 5.00 21.08 4.34***
Cum. citations at age 15 27.43 12.00 51.16 18.50 8.00 36.63 8.94***
Cum. citations at age 20 35.99 16.00 69.11 23.21 10.00 47.37 12.77***
Count class 2.22 2.00 1.54 2.00 2.00 1.31 0.22***
Count claims 19.56 17.00 15.54 17.26 15.00 13.43 2.30***
Avg. claim word count 64.91 53.45 109.04 70.34 57.30 73.48 -5.43***
Two-examiners 0.37 0.00 0.48 0.39 0.00 0.49 -0.02***
Backward citation 96.89 31.00 195.04 43.96 16.00 113.79 52.94***
Individual inventor 0.01 0.00 0.08 0.01 0.00 0.08 -0.00**
Public 0.40 0.00 0.49 0.41 0.00 0.49 -0.01***
KPSS value 16.34 5.81 42.47 13.65 4.51 38.77 2.69***
Observations 790,936 2,797,100
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Table 2: Late-bloomer writers vs. users and their persistence

Panel A compares firm-level patenting and financial characteristics of late-bloomer writers and users. Writers
and users are matched by firm age. Late-bloomer writers are the firms that have produced at least one late-
bloomer patent during the sample period. Late-bloomer users are the firms that have never produced a late-
bloomer patent but cited at least one late-bloomer patent during the sample period. The sample consists of
3,097 firms in total, with 1,892 late-bloomer writers and 1,205 late-bloomer users that are mutually exclusive.
We use five nearest neighbor users for each late-bloomer writer based on the firm age. ATE stands for the
average treatment effect, and SE stands for the standard error. Panel B presents the transition matrix of
patent hunter status from year t to year t+ 1. Strict Writer is one for a firm-year where the firm produces
a late-bloomer patent but does not cite any late-bloomer patent, and zero otherwise. Flexible Writer/User
is one for a firm-year where the firm produces a late-bloomer patent and also cites late-bloomer patents,
and zero otherwise. Strict User is one for a firm-year where the firm cites late-bloomer patents but does
not produce any late-bloomer patents, and zero otherwise. Idle is one for a firm-year where the firm neither
produces nor cites a late-bloomer patent. In each status (a) to (d), the value is the number of observations
with its corresponding percentage in the brackets. See Internet Appendix A for other variable definitions in
detail. ***p<0.01, **p<0.05, *p<0.1.

Panel A: Cross-sectional firm characteristics
Late-bloomer writers Late-bloomer Users ATE SE

(1) (2) (3) (4)
Log(age) without matching 2.176 1.557 0.619*** 0.030
No. patents per year 29.71 2.840 26.87*** 3.234
No. influential patents per year 4.739 0.512 4.227*** 0.485
No. late bloomers per year 0.620 0 0.620*** 0.0409
No. late bloomers/no. patents 0.132 0 0.132*** 0.00798
No. external cites per year 63.91 4.135 59.78*** 6.330
No. external cites/no. patents 2.450 1.517 0.933*** 0.112
No. claims/no. patents 16.58 17.37 -0.795** 0.346
No. new products/no. patents 0.181 0.256 -0.0749*** 0.0271
Asset 5.212 4.665 0.546*** 0.0827
Sale 4.930 4.383 0.547*** 0.0968
Age 1.799 1.798 0.000116 0.000170
Tobinq 2.495 2.523 -0.0281 0.0698
Sales growth (annual) 0.167 0.157 0.00998 0.0102
ROA -0.0686 -0.0651 -0.00343 0.0110
Leverage 0.192 0.196 -0.00421 0.00666
PPE asset 0.479 0.476 0.00335 0.0118
R&D sale 0.507 0.437 0.0697 0.0559
CAPX sale 0.187 0.163 0.0238 0.0174
ADV sale 0.0113 0.0111 0.000140 0.00110
Dividend-paying (indicator) 0.425 0.384 0.0414*** 0.0143
Consumer dependent 0.231 0.256 -0.0250** 0.0116

Panel B: Persistence of patent hunting
status at t+ 1

Strict Writer Flexible Writer/User Strict User Idle total
status at t (1) (2) (3) (4)

(a) Strict Writer 113 [13.12] 148 [17.19] 184 [21.37] 416 [48.32] 861 [100]

(b) Flexible Writer/User 46 [1.65] 1,709 [61.12] 788 [28.18] 253 [9.05] 2,796 [100]

(c) Strict User 118 [2.97] 832 [20.94] 2,019 [50.82] 1,004 [25.27] 3,973 [100]

(d) Idle 444 [6.07] 379 [5.18] 1,308 [17.88] 5,185 [70.87] 7,316 [100]

total 721 [4.82] 3,068 [20.53] 4,299 [28.76] 6,858 [45.89] 14,946 [100]
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Table 3: Persistent inventor-level patent hunting

The table presents results from the regressions that examine whether patent hunting has an inventor-specific
component. The observations are at the inventor level. The sample consists of a universe of patent inventors
whose patents are granted between the 1976-1999 period and their public firm employers. We only consider
inventors who change jobs during the sample period. We drop the years where an inventor works for more
than one employer at the same time. The dependent variable is either an indicator for whether the inventor
cites late-bloomer patents at least once in the next employment (1(LB)) or the number of late-bloomer
patents that the inventor cites in the next employment (No.(LB)). Columns 1 and 2 consider only the
subsequent employment, and columns 3 and 4 consider the averages of up to three subsequent employments.
1(LB)) and No.(LB) on the right-hand side of regressions are the indicators for whether a given inventor
cites a late-bloomer patent in the current employment and the number of total late-bloomer patents that the
inventor cites in the current employment, respectively. 1(Influential) and no.(Influential) are the indicators
for whether a given inventor cites an influential patent in the current employment and the number of
total influential patents that the inventor cites in the current employment, respectively. The regressions
control for a given inventor’s gender, the total number of patents that the inventor has produced, the total
number of firms that the inventor works for during the sample period, and the current employer’s financial
characteristics. The regressions include the current employer-fixed effects and the inventor’s work-start-year
fixed effects. Standard errors in parentheses are clustered at the inventor level. ***p<0.01, **p<0.05,
*p<0.1. See Internet Appendix A for variable definitions in detail.

Next firm Next three firms
1(LB) No.(LB) 1(LB) No.(LB)
(1) (2) (3) (4)

1(LB) 0.0681∗∗∗ 0.0738∗∗∗

(0.00606) (0.00580)

1(Influential) 0.0189∗∗∗ 0.0181∗∗∗

(0.00453) (0.00432)

No.(LB) 0.136∗∗∗ 0.155∗∗∗

(0.0224) (0.0230)

No.(Influential) 0.00672∗∗∗ 0.00776∗∗∗

(0.00212) (0.00217)

Inventor gender -0.00696 0.0130 -0.0107 0.00915
(0.00844) (0.0156) (0.00903) (0.0172)

Inventor patent count 0.00236∗∗∗ 0.00131∗∗∗ 0.00257∗∗∗ 0.00137∗∗∗

(0.000291) (0.000230) (0.000298) (0.000249)

Inventor employer count -0.0178∗∗∗ -0.0108∗∗∗ -0.0154∗∗∗ -0.00475∗

(0.00212) (0.00226) (0.00223) (0.00273)
Control variables Y Y Y Y
Current employment FE Y Y Y Y
Work start year FE Y Y Y Y
Observations 51544 51544 51544 51544
Adjusted R-squared 0.053 0.062 0.062 0.062
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Table 4: Benefits from patent hunting

The table presents results from the regressions that examine financial benefits to patent users. The obser-
vations are at the firm-year level for the period of 1976 to 2020. Sales growth is the five-year sales growth,
computed as (salest+5/salest)− 1, and Avg Tobin′s Q is the five-year average of Tobin’s Q over t to t+ 5.
LB and EB are the log of one plus the numbers of cited late-bloomer and early-bloomer patents in a given
year, respectively. Early LB is the log of one plus the number of cited late-bloomer patents where the
citation occurs among the first three citations on a given late-bloomer patent since its grant and also prior
to its influence-year. An influence-year is the year when a given patent becomes an influential patent by
reaching the 95th percentile of the distribution of cumulative forward citations (net of self-citations) within
its cohort of the same CPC class and grant year during 20 years since its grant. Later LB is the log of
one plus the number of remaining late-bloomer patents cited. The regressions include the firm fixed effects
and year fixed effects. Standard errors in parentheses are clustered at the firm level. ***p<0.01, **p<0.05,
*p<0.1. See Internet Appendix A for variable definitions in detail.

Sales growth Avg Tobin’s Q Sales growth Avg Tobin’s Q
(1) (2) (3) (4)

LB 0.112∗∗∗ 0.0554∗∗∗

(0.0373) (0.0200)

EB -0.127∗∗∗ -0.0263∗∗ -0.127∗∗∗ -0.0300∗∗∗

(0.0241) (0.0107) (0.0240) (0.0105)

Early LB 0.102∗∗ 0.102∗∗∗

(0.0401) (0.0264)

Late LB 0.0903∗∗ 0.0410∗

(0.0393) (0.0214)

Asset -1.027∗∗∗ -0.323∗∗∗ -1.027∗∗∗ -0.323∗∗∗

(0.0484) (0.0178) (0.0484) (0.0178)

Age -0.592∗∗∗ -0.189∗∗∗ -0.593∗∗∗ -0.190∗∗∗

(0.0467) (0.0182) (0.0467) (0.0182)

ROA -2.078∗∗∗ -0.205∗∗∗ -2.078∗∗∗ -0.205∗∗∗

(0.180) (0.0628) (0.180) (0.0628)

Leverage -1.065∗∗∗ -0.109 -1.063∗∗∗ -0.107
(0.181) (0.0717) (0.181) (0.0717)

Mean 1.161 2.036 1.161 2.036
H0 : LB = EB (p-value) 0.000 0.002
H0 : earlyLB = laterLB (p-value) 0.852 0.122
Firm FE Y Y Y Y
Year FE Y Y Y Y
Observations 77660 76908 77660 76908
Adjusted R2 0.366 0.715 0.366 0.715
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Table 5: Benefits from patent hunting with instrumental variable analysis

The table presents results from the instrumental variable regressions that examine sales growth benefits to
patent users where we mitigate potential endogeneity issues. The observations are at the firm-year level
for the period of 1987 to 2020. The sample period in this analysis is shorter because our bankruptcy data
from Audit Analytics starts in 1987. We use the average of inventor-level hunting intensities (the fraction
of late-bloomer patents) of bankrupt neighbors within a 100-mile radius as an instrument for nearby firms’
late-bloomer hunting activities. Bankrupt neighbor’s hunting intensity is the past three-year average before
bankruptcy, considering that inventors may not file patents every year. A bankrupt neighbor’s hunting
intensity is set to zero when no bankruptcy occurs. When multiple bankruptcies occur within the same
100-mile radius at the same time, we use the average hunting intensity of all bankrupt firms. Columns 1 and
3 are the first-stage results from the regressions of patent hunting on the instrument. To account for the fact
that it takes time for the moving inventor to develop new patents at a new firm, we lag the instrument by
three years. We use the Cragg-Donald Wald F-stat for the weak instrument test and the Kleibergen-Paap rk
statistic for the underidentification test. Columns 2 and 4 are the second-stage results from the regressions
of sales growth on instrumented patent hunting. Sales growth is the five-year sales growth, computed as
(salest+5/salest) − 1. LB is the log of one plus the number of hunted late-bloomer patents in a given
year. The regressions include the firm fixed effects and year fixed effects. Standard errors in parentheses are
clustered at the bankrupt firm neighbor by year level. ***p<0.01, **p<0.05, *p<0.1. See Internet Appendix
A for variable definitions in detail.

First stage Second stage First stage Second stage
LB Sales growth LB Avg Tobin’s Q
(1) (2) (3) (4)

Bankrupt neighbor hunting intensity 0.372∗∗∗ 0.367∗∗∗

(0.0818) (0.0823)

Instrumented LB 5.063∗∗∗ 1.203∗

(1.778) (0.685)

Asset 0.0418∗∗∗ -0.941∗∗∗ 0.0374∗∗∗ -0.427∗∗∗

(0.00557) (0.0948) (0.00570) (0.0306)

Age 0.0526∗∗∗ -0.348∗∗∗ 0.0544∗∗∗ -0.149∗∗∗

(0.00931) (0.125) (0.00982) (0.0467)

ROA -0.00440 -2.272∗∗∗ -0.0111 -0.0244
(0.0139) (0.238) (0.0140) (0.0613)

Leverage -0.0281 -0.681∗∗∗ -0.0201 -0.0242
(0.0216) (0.264) (0.0224) (0.0800)

EB 0.328∗∗∗ -1.753∗∗∗ 0.325∗∗∗ -0.417∗

(0.00541) (0.583) (0.00546) (0.222)
First-stage F-stat 20.71 19.92
Weak instrument test 19.33 18.53
Underidentification test 20.55 19.86
Firm FE Y Y Y Y
CPC section×year Y Y Y Y
Observations 24967 24967 24606 24606
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Table 6: Falsification Tests

The table presents results from our falsification tests where we re-estimate the instrumental variable regres-
sions from Table 5 by substituting either the dependent or instrumental variables. In Panel A, we re-run the
first-stage regression models by replacing the dependent variable with lagged values from one to four years
before the events. In Panel B, we replace the dependent variable in the second stage with lagged values of
Sales growtht−5,t or Avg Tobin′s Qt−5,t from five years before the events. In Panel C, we examine the effect
of our instrumental variable in the first stage on other patenting activities by the focal firms other than their
late-boomer hunting. In Panel D, we consider two alternative instrumental variables that should not affect
the focal firms’ late-boomer hunting. All regressions include the firm fixed effects and the CPC section by
year fixed effects. Standard errors in parentheses are clustered at the bankrupt firm neighbor by year level.
***p<0.01, **p<0.05, *p<0.1. See Internet Appendix A for variable definitions in detail.

Panel A: First-stage Timing Falsification
LBt−1 LBt−2 LBt−3 LBt−4

(1) (2) (3) (4)
Bankrupt neighbor hunting intensity 0.159 0.0897 0.126 0.163

(0.110) (0.0967) (0.0977) (0.116)

Observations 24909 24908 24967 24918
Adjusted R-squared 0.794 0.783 0.768 0.752

Panel B: Second-stage Timing Falsification
First stage Second stage First stage Second stage

LB Sales growtht−5,t LB Avg Tobin’s Qt−5,t

(1) (2) (3) (4)
Bankrupt neighbor hunting intensity 0.366∗∗∗ 0.381∗∗∗

(0.0830) (0.0829)

Instrumented LB 4.256 -0.0594
(3.360) (0.659)

Observations 24681 24681 24739 24739

Panel C: First-stage Dependent Variable Falsification
EB Bottom 95% EB/(LB+EB) EB/any citing
(1) (2) (3) (4)

Bankrupt neighbor hunting intensity -0.00810 0.0935 -0.0242 -0.0452
(0.138) (0.152) (0.0641) (0.0699)

Observations 24967 24967 11018 13206
Adjusted R-squared 0.866 0.914 0.304 0.380

Panel D: Instrument Variable Falsification
First stage Second stage First stage Second stage

LB Sales growth LB Avg Tobin’s Q
(1) (2) (3) (4)

Bankrupt neighbor EB citing intensity 0.0284 0.0277
(0.0304) (0.0300)

Instrumented LB -2.501 12.02
(7.419) (13.66)

Observations 24967 24967 24606 24606

First stage Second stage First stage Second stage
LB Sales growth LB Avg Tobin’s Q
(1) (2) (3) (4)

Bankrupt neighbor inventors 0.00929 0.00652
(0.0164) (0.0167)

Instrumented LB 0.827 -13.56
(13.71) (34.90)

Observations 24967 24967 24606 24606
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Table 7: Constraints for late-bloomer patent writers

The table presents results from the regressions that examine potential constraints for late-bloomer writers.
The sample consists of influential patents only, and the analysis compares late-bloomer and early-bloomer
patents. Observations are at the patent level (one observation per patent) by taking the averages of relevant
variables when a patent has multiple CPC tech classes. The dependent variable is 1(Late-bloomer) equal to
one if a focal patent is a late-bloomer and zero otherwise. We consider (i) intellectual capacity constraints
measured by tech-class weight or tech class dist to core, (ii) competitive threat measured by the log of
competing patent stock, and (iii) financial constraints measured by financial constraint (KZ), firm age and
size, or equity constraint/debt constraint (LW). Tech-class weight is the fraction of the patents in the CPC
tech class of a given patent in all patents of its assignee over the entire sample period. Tech class dist to core
is the class-to-class proximity between the CPC tech class of a given patent and the core CPC tech class of
its assignee. Competing patent stock is the log of the number of all patents from U.S. public firms with the
same CPC tech class up to the grant year of a given patent. The regressions include the writer-firm fixed
effects. Standard errors in parentheses are clustered at the firm and grant year levels. ***p<0.01, **p<0.05,
*p<0.1. See Internet Appendix A for variable definitions in detail.

Late-bloomer patent
(1) (2) (3) (4)

Tech-class weight -0.0432∗∗∗ -0.0455∗∗

(0.0145) (0.0167)

Tech-class dist to core 0.0143∗∗ 0.0142∗∗

(0.00534) (0.00551)

Competing patent stock -0.00556∗∗∗ -0.00534∗∗∗ -0.00561∗∗∗ -0.00543∗∗∗

(0.00134) (0.00138) (0.00131) (0.00135)

Financial constraint (KZ) -0.00701∗∗ -0.00695∗∗

(0.00296) (0.00293)

Equity constraint (LW) -0.00913 -0.00936
(0.00776) (0.00776)

Debt constraint (LW) -0.00177 -0.00165
(0.00770) (0.00770)

Asset 0.00782∗ 0.00618 0.00769 0.00604
(0.00455) (0.00464) (0.00454) (0.00464)

Age 0.000186 0.00214 0.000170 0.00221
(0.00575) (0.00769) (0.00577) (0.00768)

Control variables Y Y Y Y
Writer FE Y Y Y Y
Grant year FE Y Y Y Y
Observations 94889 86801 94889 86801
Adjusted R2 0.033 0.033 0.033 0.033
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Table 8: Costs of patent hunting

The table presents results from the cross-sectional regressions that examine the effects of costs of patent
hunting on hunter benefits. The sample consists of all late-bloomer citing firms. The observations are at the
focal patent-user firm-citing year level for the period of 1976 to 2020. Sales growth is the five-year sales
growth, computed as (salest+5/salest) − 1. Avg Tobin′s Q is the five-year average of Tobin’s Q over t to
t + 5. Complexity is the Gunning Fog Index of the text of each cited late-bloomer patent (focal patent).
Competition is the average number of competitors with the same CPC tech classes among all users that cite
the focal patent. The regressions include the focal patent class fixed effects and year fixed effects. Standard
errors in parentheses are clustered at the focal patent level. ***p<0.01, **p<0.05, *p<0.1. See Internet
Appendix A for variable definitions in detail.

Sales growth Avg Tobin’s Q Sales growth Avg Tobin’s Q
(1) (2) (3) (4)

Complexity -0.00127 -0.0186∗∗∗

(0.00232) (0.00401)

Competition -0.00390∗∗∗ -0.00715∗∗∗

(0.00117) (0.00226)

Asset -0.0720∗∗∗ -0.159∗∗∗ -0.0633∗∗∗ -0.145∗∗∗

(0.00403) (0.00657) (0.00378) (0.00619)

Age -0.168∗∗∗ -0.00150 -0.196∗∗∗ -0.0379∗∗∗

(0.00702) (0.00977) (0.00700) (0.00950)

Leverage -0.258∗∗∗ -1.529∗∗∗ -0.322∗∗∗ -1.551∗∗∗

(0.0381) (0.0590) (0.0368) (0.0554)
Mean 0.408 2.269 0.408 2.269
Focal patent class FE Y Y Y Y
Year FE Y Y Y Y
Observations 101142 100811 116892 116486
Adjusted R2 0.123 0.228 0.125 0.223
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Table 9: Valuable patent hunting

The table examines skills and deliberateness of patent hunting. Panel A presents results from the difference-
in-differences regressions regressions that examine financial benefits to patent users by the users’ hunting
experience. We estimate the specifications in Eq.(2) for subgroups of experienced users (columns 1 and 2)
and less-experienced users (columns 3 and 4). Experienced users are firm-years in the top 10% distribution
in the firm-level average of the late-bloomer fraction among all patents that the user cited in the past 3
years from a given citing year. The remaining firm-years are less experienced users. The regressions include
the cited patent fixed effects and year fixed effects. Standard errors are clustered at the patent-by-year
level. Panel B examines the technology proximity between the user’s citing patent and the cited patents,
comparing cited late-bloomer patents (Late-bloomer patent) to all the other cited patents (early-bloomer and
bottom 95% patents). Panel C compares the following statistics for the groups of cited late-bloomer patents
and all the other cited patents: (i) the likelihood of being referenced in the text part of citing patents, (ii)
the number of text mentions, (iii) the sentiment of neighboring words around the text mentions, and (iv)
the likelihood of being added by examiners. The measures (i), (ii), and (iii) are from Moon, Suh, and Zhou
(2024). ***p<0.01, **p<0.05, *p<0.1. See Internet Appendix A for variable definitions in detail.

Panel A: Experienced hunting
Experienced Less experienced

Sales growth Tobin’s Q Sales growth Tobin’s Q
(1) (2) (3) (4)

User × Iyearpost 0.00690∗∗∗ 0.0631∗∗∗ 0.00531∗∗∗ -0.0451∗∗∗

(0.00251) (0.0194) (0.00129) (0.00799)
User 0.0223∗∗∗ 0.290∗∗∗ 0.0121∗∗∗ 0.0112∗∗

(0.00209) (0.0152) (0.000950) (0.00513)
Iyearpost -0.00619∗∗ -0.00464 0.000453 0.0252∗∗∗

(0.00256) (0.0143) (0.00151) (0.00666)
Control variables Y Y Y Y
Cited patent FE Y Y Y Y
Year FE Y Y Y Y
Observations 428189 411389 1095512 1032891
Adjusted R2 0.209 0.417 0.251 0.428

Panel B: Proximity between hunters’ and hunted patents
Technology Proximity

(1) (2) (3)
Late-bloomer patent 0.00795∗∗∗ -0.00282∗ 0.0253∗∗∗

(0.00192) (0.00159) (0.00293)
Patent age -0.00213∗∗∗ -0.00205∗∗∗ -0.00146∗∗∗

(0.0000930) (0.000161) (0.0000897)
Comparison group EB, bottom 95% EB only bottom 95% only
Citing patent FE Y Y Y
Tech class FE Y Y Y
Observations 2938358 1812704 1546350
Adjusted R2 0.523 0.563 0.508

Panel C: Deliberate hunting
Late-bloomers Non-late-bloomers (1)-(2)

(1) (2) (3)
1(In-text cited) 0.0552 0.0446 0.0106***
No.(In-text mentions) 0.0676 0.0558 0.0117***
Sent(In-text mentions) 0.373 0.329 0.0438***
1(Examiner cited) 0.178 0.362 -0.184***
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A Variable Definition

Variable Name Definition
Influential patent A patent that has ever reached the 95th percentile cumulative forward citations (net of self-

citations) within the CPC class-grant year cohort.
Late-bloomer patent A patent that takes more than 14 years (the 90th percentile in time-to-influence distribution)

to become an influential patent.
Early-bloomer patent An influential patent that is not a late-bloomer patent.
Bottom 95% patent A non-influential patent.
User An indicator variable that is one if a firm is late-bloomer citing firm and zero otherwise.
Iyear Influence-year is defined as the year when a given patent becomes an influential patent by

reaching the 95th percentile of the distribution of cumulative forward citations (net of self-
citations) within its cohort of the same CPC class and grant year during 20 years since its
grant.

Issue year Grant year of a patent.
Cum. citations The cumulative number of forward citations net of self-citations.
Count class The number of unique technology classes.
Count claims The number of claims.
Avg. claim word count The average number of words in claims.
Two-examiners An indicator variable equal to one if a patent was reviewed by two examiners and zero otherwise.
Backward citation The number of backward citations.
Individual inventor An indicator variable equal to one if the patent is assigned to an individual and zero otherwise.
Public An indicator variable equal to one if the patent is assigned to a public firm and zero otherwise.
KPSS value Kogan et al. (2017) value of patent.
No. patents per year The number of granted patents of the firm in a year.
No. influential patents per year The number of granted patents of the firm that become influential patents in a year.
No. late-bloomers per year The number of granted patents of the firm that become late-bloomer patents in a year.
No. influential patents/no.
patents

The fraction of influential patents in all patents of the firm.

No. latebloomers/no. patents The fraction of late-bloomer patents in all patents of the firm.
No. cites per year The number of citations received in a year.
No. external cites per year The number of citations received in a year net of self-citations.
No. cites/no. patents The total number of citations received scaled by the total number of patents.
No. external cites/no. patents The total number of citations received (net of self-citations) scaled by the total number of

patents.
No. claims/no. patents The total number of claims scaled by the total number of patents.
No. new products/no. patents The total number of new product launches scaled by the total number of patents.
Asset Natural log of total assets.
Sale Natural log of total assets.
Age Natural log of firm age.
Tobin’s Q The Tobin’s Q ratio, calculated as the market value of a company divided by the total assets.
Sales growth (annual) Natural log of the sales divided by the previous year’s sales.
ROA Return on assets, calculated as the net income divided by the total assets.
Leverage The debt-to-assets ratio, calculated as total debt divided by total assets.
PPE asset Tangible fixed assets (Property, Plant, and Equipment) scaled by the total assets.
R&D asset R&D expense scaled by the total assets.
CAPX asset Capital expenditure scaled by the total assets.
ADV asset Advertising expense scaled by the total assets.
Dividend-paying (indicator) An indicator variable equal to one if the firm pays dividends.
Consumer dependent An indicator for consumer-dependent industries whose production percentage for “Personal

consumption expenditures” in the 2002 Input-Output Accounts from the Bureau of Economic
Analysis is in the top tercile.

Inventor gender An indicator variable equal to one for male inventors and zero for female inventors.
Inventor patent count The total number of the patents that the inventor produced during the sample period.
Inventor employer count The total number of firms that the inventor worked for during the sample period.
Sales growth The five-year sales growth, computed as (salest+5/salest)− 1.
Avg Tobin’s Q The five-year average of Tobin’s Q over t to t+ 5.
Avg new product Natural log of one plus the five-year average number of new products over t to t+ 5. The new

product count data is obtained from Mukherjee et al. (2022).
New product Natural log of one plus the number of new products. The new product count data is obtained

from Mukherjee et al. (2022).
LB (EB) Natural log of one plus the number cited late-bloomer (early-bloomer) patents.
Early LB Natural log of one plus the number of cited late-bloomer patents where the citation occurs

among the first three citations on a given late-bloomer patent since its grant and also prior to
its influence-year.

LB(EB)writing Natural log of one plus the number of written late-bloomer (early-bloomer) patents.
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Later LB Natural log of one plus the number of remaining late-bloomer patents cited.
Bankrupt neighbor hunting in-
tensity

In Table 5, it is the average fraction of late-bloomer patents cited at the inventor level in the
bankrupt neighbors within a 100-mile radius. In robustness Table A8, it is the average fraction
late-bloomer hunting inventors at the bankrupt neighbors within a 100-mile radius.

Bankrupt neighbor EB citing
intensity

It is the average fraction of early-bloomer patents cited at the inventor level in the bankrupt
neighbors within a 100-mile radius.

Bankrupt neighbor inventors Natural log of the total number of inventors at the bankrupt neighbors within a 100-mile radius.
Tech-class weight The fraction of the patents in the CPC technology class of a given patent in all patents of its

assignee over the entire sample period.
Tech-class dist to core The class-to-class proximity between the CPC technology class of a given patent and the core

CPC technology class of its assignee.
Competing patent stock Natural log of the number of all patents from U.S. public firms with the same CPC technology

class up to the grant year of a given patent.
Financial constraint (KZ) The Kaplan-Zingales index based on the five-factor model in Kaplan and Zingales (1997).
Equity constraint (LW) The Linn-Weagley textual analysis-based measure of equity financial constraints in Linn and

Weagley (2021)
Debt constraint (LW) The Linn-Weagley textual analysis-based measure of debt financial constraints in Linn and

Weagley (2021)
Complexity Gunning Fog Index of the text of each cited late-bloomer patent (focal patent).
Competition The average number of competitors with the same CPC technology classes among all users that

cite the focal patent.
Inventor move An indicator variable that is one if the late-bloomer inventor moves to the user firm and zero

otherwise.
(Less) Experienced Experienced users are firm-years in the top 10% distribution in the firm-level average of the

late-bloomer fraction among all patents that the user cited in the past 3 years. The remaining
firm-years are less experienced users.

Late-bloomer patent An indicator variable that is one if the cited patent is a late-bloomer patent and zero otherwise.
Patent age Age of the cited patent.
In-text cited (mentions) An indicator variable that is one if a cited patent is described in the main text of a patent and

zero otherwise. In-text mentions count how many times the patent is mentioned in the text.
Examiner-cited An indicator variable that is one if a patent citation is added by a patent examiner and zero

otherwise. The data is obtained from Kuhn, Younge, and Marco (2020) and available over the
2001-2014 period.
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Figure A1: Late-Bloomer patent example

The figures show Texas Instrument(TI)’s patent (#5,025,407) and its relation to Nvidia’s late-bloomer patent hunting benefits. Panel (a) shows the
front page bibliographic data and some exhibits from TI’s patent grant. It contains the invention title, assignee names, backward citations, and an
abstract. Panel (b) illustrates the forward citations that the patent #5,025,407 has received over the 20-year patent term since its grant year. Each
mark represents a forward citation, and the letter inside refers to citing firms’ initials. A dotted circle is a foreign assignee/foreign assignee’s U.S.
subsidiary/university. A square and circle each denote a citation made by a late-bloomer writer and user, respectively. A circle without a letter
denotes a citation made specifically by Nvidia, who is a patent hunter (i.e., late-bloomer user). 2006 is the influence-year, defined as the year when
the patent’s cumulative citations reach the 95th percentile within its cohort of the same CPC class and grant year. Panel (c) presents Nvidia’s stock
prices over the 2000-2017 period. Panel (d) shows the video game industry revenues by segment over a similar period between 2002 and 2019.

(a) Texas Instrument’s Patent #5,025,407
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(b) Patents Citing #5,025,407

(c) Nvidia Stock Prices (2000-2017)

(d) Video Game Industry Revenues ($bn, 2002-2019)
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Figure A2: Other hunting examples

(a) Tesla cites DirecTV

(b) Whirlpool cites Coca-Cola

(c) Adobe cites Xerox
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(d) Xilinx cites Motorola

(e) Oracle cites IBM

(f) Cisco cites AT&T
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(g) Clorox/Ecolab cite P&G

(h) 3M/AMD cite DuPont/Unisys
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Figure A3: Citation growth of hunted patents and hunters’ own patents

The figures show the forward citation growth of the hunted patents and hunters’ own patents since the
citing year. In Panel A, the sample consists of all user-cited patent pairs in our sample between 1976 and
2020. Citation growth is measured over the N years from each user’s citation year. In Panel B, the sample
consists of all hunters’ own patents that cite at least one late-bloomer patent. The figure plots the subsequent
citations of patent hunters’ own patents, comparing their organic patents and those that use late-bloomer
patents (i.e., hunting patents). Organic patents are defined as patents with greater backward self-citations
compared to the number of late-bloomer citations.

(a) Citation growth of hunted patents

(b) Citations of hunters’ organic patents vs. hunting patents
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Table A1: Sample selection

Our base patent sample consists of all USPTO patents granted between 1976 and 1999. The table de-
scribes our sample-selection procedure and method of classifying patents into influential patents, late-bloomer
patents, and early-bloomer patents with the number of observations in each group.

Number of patents Description
Base patent sample 1,712,247 All USPTO patents granted between 1976 and 1999.

The sample period starts in 1976 due to the avail-
ability of data on patent assignees, inventors, claims,
and other information from the PatentsView database.
The sample period ends in 1999 as identifying an in-
fluential patent requires 20 years since each patent’s
grant year. We also exclude approximately 0.45% of
the remaining patents from the sample when they have
no CPC information.

Influential patents 213,772 An influential patent is the patent that has ever
reached the 95th percentile of the distribution of cu-
mulative forward citations (net of self-citations) within
its cohort of the same CPC class and grant year at any
point in time during 20 years since its grant.

Late-bloomers 21,960 A late-bloomer patent is a patent that takes an exces-
sively long time period before it becomes an influen-
tial patent. We use the 90th percentile point in the
time-to-influence distribution (14 years) to define the
excessively long time period.

Early-bloomers 191,812 An early bloomer is an influential patent that is not
classified as a late-bloomer patent.
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Table A2: Late-bloomer patent writers and users

The table shows the list of the top 20 late-bloomer patent writers and users. The late-bloomer writer and user
definitions are consistent with Table 2. Late-bloomer writers are the firms that have produced at least one
late-bloomer patent during the sample period. Late-bloomer users are the firms that have never produced a
late-bloomer patent but cited at least one late-bloomer patent during the sample period.

Rank Writers Users
1 U S SURGICAL CORP PARKERVISION INC
2 JOHNSON & JOHNSON WEATHERFORD INTL PLC
3 INTL BUSINESS MACHINES CORP JPMORGAN CHASE & CO
4 MOTOROLA SOLUTIONS INC TIVO CORP
5 3M CO AMKOR TECHNOLOGY INC
6 HITACHI LTD IMMERSION CORP
7 GENERAL ELECTRIC CO SMITH & NEPHEW PLC
8 AT&T CORP BROADCOM CORP
9 CANON INC LENNOX INTERNATIONAL INC
10 MEDTRONIC PLC BLACKBERRY LTD
11 EASTMAN KODAK CO FAIRCHILD SEMICONDUCTOR INTL
12 TEXAS INSTRUMENTS INC RESMED INC
13 PANASONIC HOLDINGS CORP ARTHROCARE CORP
14 HP INC SANDISK CORP
15 SONY GROUP CORPORATION NIKE INC
16 DONNELLY CORP ICU MEDICAL INC
17 NEC CORP LIFE TECHNOLOGIES CORP
18 PROCTER & GAMBLE CO AFFYMETRIX INC
19 XEROX HOLDINGS CORP NETAPP INC
20 APPLE INC TYCO INTERNATIONAL PLC
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Table A3: Benefits from patent writing

The table presents results from the regressions that examine financial benefits to patent writers. The
observations are at the firm-year level for the period of 1976 to 2020. Sales growth is the five-year sales
growth, computed as (salest+5/salest) − 1, and Avg Tobin′s Q is the five-year average of Tobin’s Q over
t to t + 5. LBwriting and EBwriting are the log of one plus the numbers of written late-bloomer and
early-bloomer patents in a given year, respectively. LBwriting, EBwriting, LB, and EB are standardized
for ease of comparisons. The regressions include the firm fixed effects and year fixed effects. Standard errors
in parentheses are clustered at the firm level. ***p<0.01, **p<0.05, *p<0.1. See Appendix A for variable
definitions in detail.

Writer benefits User benefits
Sales growth Avg Tobin’s Q Sales growth Avg Tobin’s Q

(1) (2) (3) (4)
LBwriting 0.0193 0.0259∗∗∗

(0.0147) (0.00830)

EBwriting -0.0112 0.0830∗∗∗

(0.0299) (0.0149)

LB 0.0744∗∗∗ 0.0369∗∗∗

(0.0248) (0.0133)

EB -0.171∗∗∗ -0.0353∗∗

(0.0324) (0.0144)

Asset -1.407∗∗∗ -0.279∗∗∗ -1.027∗∗∗ -0.323∗∗∗

(0.0695) (0.0223) (0.0484) (0.0178)

Age -0.663∗∗∗ -0.167∗∗∗ -0.592∗∗∗ -0.189∗∗∗

(0.0690) (0.0215) (0.0467) (0.0182)

ROA -2.140∗∗∗ -0.379∗∗∗ -2.078∗∗∗ -0.205∗∗∗

(0.257) (0.0759) (0.180) (0.0628)

Leverage -1.185∗∗∗ -0.0903 -1.065∗∗∗ -0.109
(0.235) (0.0766) (0.181) (0.0717)

Mean 1.224 1.884 1.161 2.036
H0 : LBwriting = EBwriting (p-value) 0.364 0.000
H0 : LB = EB (p-value) 0.000 0.002
Firm FE Y Y Y Y
Year FE Y Y Y Y
Observations 45577 45245 77660 76908
Adjusted R2 0.456 0.815 0.366 0.715

11



Table A4: Benefits from patent hunting (patent level)

The table presents results from the difference-in-differences regressions that examine financial benefits to patent users. The observations are at the
focal patent-user firm-year level for the period of 1976 to 2020. The samples in columns 1 and 2, 3 and 4, and 5 and 6 consist of late-bloomer,
early-bloomer, and bottom 95% patents and their citing patents, respectively. User is an indicator variable that is one if the firm cites a focal patent
and zero otherwise. Iyear is the influence-year, defined as the year when a given patent becomes an influential patent by reaching the 95th percentile
of the distribution of cumulative forward citations (net of self-citations) within its cohort of the same CPC class and grant year during 20 years since
its grant. For the bottom 95% patents, Iyear is the year with the largest number of citations during 20 years since its grant. Iyearpost is an indicator
variable equal to one if the year is after Iyear of a given patent and zero otherwise. The bottom 95% patents comprise 100,000 randomly selected
patents that are not influential patents, for a comparable sample size with influential patents. The regressions include the cited-patent fixed effects
and year fixed effects. Standard errors in parentheses are clustered at the patent-by-year level. ***p<0.01, **p<0.05, *p<0.1. See Appendix A for
variable definitions in detail.

Late-bloomers Early-bloomers Bottom 95% patents
Sales growth Tobin’s Q Sales growth Tobin’s Q Sales growth Tobin’s Q

(1) (2) (3) (4) (5) (6)
User × Iyearpost 0.00730∗∗∗ 0.0200∗∗ 0.000159 -0.0236∗∗∗ 0.00146 -0.0386∗∗∗

(0.00125) (0.00879) (0.000570) (0.00369) (0.000922) (0.00543)

User 0.0143∗∗∗ 0.0678∗∗∗ 0.00732∗∗∗ 0.0216∗∗∗ 0.0146∗∗∗ 0.0255∗∗∗

(0.000923) (0.00555) (0.000511) (0.00331) (0.000810) (0.00470)

Iyearpost -0.00146 0.0148∗∗∗ -0.00408∗∗∗ 0.0157∗∗∗ -0.000298 0.00547
(0.00145) (0.00689) (0.000573) (0.00308) (0.000856) (0.00394)

Mean 0.048 2.063 0.058 1.982 0.047 1.995
Control variables Y Y Y Y Y Y
Cited patent FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Observations 1523717 1444291 11017213 10797825 759482 728545
Adjusted R2 0.226 0.393 0.287 0.471 0.261 0.510
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Table A5: Hunting benefits without business relationship

The table presents a re-estimation of the patent-level difference-in-differences regressions in Table A4, which
examines financial benefits to late-bloomer users, by additionally considering business relationships. The
sample consists of only non-relationship-based citation pairs by excluding citation pairs of firms in any
business relationships of partners, suppliers, and customers. The firm relationship data is obtained from
FactSet Revere and Compustat customer segment data between 2003 and 2017. The observations are at
the focal patent-user firm-year level for the citations made between 2003 and 2017 due to the availability
of the business relationship data. User is an indicator variable that is one if the firm cites a focal patent
and zero otherwise. Iyear is the influence-year, defined as the year when a given patent becomes an
influential patent by reaching the 95th percentile of the distribution of cumulative forward citations (net
of self-citations) within its cohort of the same CPC class and grant year during 20 years since its grant.
Iyearpost is an indicator variable equal to one if the year is after Iyear of a given patent and zero otherwise.
The regressions include the cited patent fixed effects and year fixed effects. Standard errors in parentheses
are clustered at the patent-by-year level. ***p<0.01, **p<0.05, *p<0.1. See Appendix A for variable
definitions in detail.

Sales growth Tobin’s Q
(1) (2)

User × Iyearpost 0.00956∗∗∗ 0.0623∗∗∗

(0.00196) (0.0140)

User 0.0156∗∗∗ 0.0549∗∗∗

(0.00156) (0.00941)

Iyearpost -0.00356 -0.00426
(0.00221) (0.0103)

Control variables Y Y
Cited patent FE Y Y
Year FE Y Y
Observations 639088 590490
Adjusted R2 0.216 0.379
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Table A6: Commercialization of technology

The table presents results from the regressions that examine the commercialization of technology by patent
hunters. The observations are at the firm-year level in column 1 and at the focal patent-user firm-year level
in columns 2, 3, and 4 from 1990 to 2015. The sample period is shorter due to the availability of the new
product data. New product is the log of one plus the total number of new products from Mukherjee et al.
(2022). Avg new products is the log of one plus the five-year average number of new products over t to
t + 5. LB and EB are the log of one plus the numbers of cited late-bloomer and early-bloomer patents
in a given year, respectively. The sample in columns 2, 3, and 4 consists of late-bloomer, early-bloomer,
and bottom 95% patents and their citing patents, respectively. The bottom 95% patents comprise 100,000
randomly selected patents that are not influential patents, for a comparable sample size with influential
patents. User is an indicator variable that is one if the firm cites a focal patent and zero otherwise. Iyear
is the influence-year, defined as the year when a given patent becomes an influential patent by reaching the
95th percentile of the distribution of cumulative forward citations (net of self-citations) within its cohort of
the same CPC class and grant year during 20 years since its grant. For the bottom 95% patents, Iyear is the
year with the largest number of citations during 20 years since its grant. Iyearpost is an indicator variable
equal to one if the year is after Iyear of a given patent and zero otherwise. The regression in column 1
includes the firm fixed effects and year fixed effects. The regressions in columns 2, 3, and 4 include cited
patent fixed effects and year fixed effects. Standard errors are clustered at the firm level in column 1 and
focal patent-by-year level in columns 2, 3, and 4. ***p<0.01, **p<0.05, *p<0.1. See Internet Appendix A
for variable definitions in detail.

Avg new products New products
Late-bloomers Late-bloomers Early-bloomers Bottom 95%

(1) (2) (3) (4)
LB 0.0255∗∗

(0.0103)

EB 0.0129∗∗∗

(0.00451)

User × Iyearpost 0.0472∗∗∗ 0.000301 -0.0286∗∗∗

(0.00842) (0.00386) (0.00570)

User 0.0359∗∗∗ 0.00362 -0.0456∗∗∗

(0.00569) (0.00346) (0.00495)

Iyearpost -0.0404∗∗∗ -0.0106∗∗∗ 0.0196∗∗∗

(0.00877) (0.00391) (0.00513)

Control variables Y Y Y Y
Firm FE Y N N N
Cited patent FE N Y Y Y
Year FE Y Y Y Y
Observations 66636 1201198 10045142 640206
Adjusted R2 0.731 0.626 0.898 0.669
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Table A7: Late-bloomer patents’ blooming and subsequent patents

The table presents results from the regressions that examine the effect of influential patents on the number
of subsequent patents in the same tech-class group of the focal patents (column 1) and in the same tech-class
group of citing patents of the focal patents (column 2). The observations are at the tech-class group and
year level. For the tech-class groups in column 1, we use a given focal patent’ reported CPC technology
classes. For the tech-class groups in column 2, we consider exhaustive pairs of all CPC technology classes
reported by citing patents of a given focal patent. Then, we count the number of subsequent patents whose
CPC classes include the most frequent pair of citing patents’ CPC classes. If a given CPC class or a given
major overlapping CPC class pair among citing patents is shared by both early-bloomer and late-bloomer
patents, we drop the CPC class or pair from the analysis. Iyear is the influence-year, defined as the year
when a given patent becomes an influential patent by reaching the 95th percentile of the distribution of
cumulative forward citations (net of self-citations) within its cohort of the same CPC class and grant year
during 20 years since its grant. Iyearpost is an indicator variable equal to one if the year is after Iyear of
a given patent and zero otherwise. The regressions include the cited-patent patent fixed effects. Standard
errors in parentheses are clustered at the tech-class group level. ***p<0.01, **p<0.05, *p<0.1. See Internet
Appendix A for variable definitions in detail.

Log(Patent counts in tech-class groups)
Focal CPC Citing CPC

(1) (2)
latebloomer × Iyearpost 0.145∗∗∗ 0.0398∗∗

(0.00495) (0.0198)

Iyearpost -0.147∗∗∗ -0.00416
(0.00219) (0.00623)

log(totalpat) 0.0189∗∗∗ 0.0377∗∗

(0.00204) (0.0150)

Control variables Y Y
Focal patent FE Y Y
Observations 696851 1274268
Adjusted R2 0.410 0.458
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Table A8: Instrumental variable analysis — alternative hunting intensity measure

The table presents results from the instrumental variable regressions that examine sales growth benefits to
patent users where we mitigate potential endogeneity issues. The observations are at the firm-year level
for the period of 1987 to 2020. The sample period in this analysis is shorter because our bankruptcy data
from Audit Analytics starts in 1987. We use the fraction of hunting inventors of bankrupt neighbors within
a 100-mile radius as an instrument for nearby firms’ late-bloomer hunting activities. Bankrupt neighbor’s
hunting intensity is the past three-year average before bankruptcy, considering that inventors may not file
patents every year. A bankrupt neighbor’s hunting intensity is set to zero when no bankruptcy occurs. When
multiple bankruptcies occur within the same 100-mile radius at the same time, we use the average hunting
intensity of all bankrupt firms. Columns 1 and 3 are the first-stage results from the regressions of patent
hunting on the instrument. To account for the fact that it takes time for the moving inventor to develop
new patents at a new firm, we lag the instrument by three years. We use the Cragg-Donald Wald F-stat
for the weak instrument test and the Kleibergen-Paap rk statistic for the underidentification test. Columns
2 and 4 are the second-stage results from the regressions of sales growth on instrumented patent hunting.
Sales growth is the five-year sales growth, computed as (salest+5/salest)− 1. LB is the log of one plus the
number of hunted late-bloomer patents in a given year. The regressions include the firm fixed effects and
the focal firm’s main CPC section-by-year joint fixed effects. Standard errors in parentheses are clustered
at the bankrupt firm neighbor by year level. ***p<0.01, **p<0.05, *p<0.1. See Internet Appendix A for
variable definitions in detail.

First stage Second stage First stage Second stage
LB Sales growth LB Avg Tobin’s Q
(1) (2) (3) (4)

Bankrupt neighbor hunting intensity 0.375∗∗ 0.358∗∗

(0.149) (0.151)

Instrumented LB 6.561∗∗ 2.992∗

(3.298) (1.815)

Asset 0.0415∗∗∗ -1.003∗∗∗ 0.0370∗∗∗ -0.492∗∗∗

(0.00556) (0.149) (0.00570) (0.0711)

Age 0.0530∗∗∗ -0.428∗∗ 0.0549∗∗∗ -0.248∗∗

(0.00932) (0.197) (0.00983) (0.107)

ROA -0.00402 -2.266∗∗∗ -0.0108 -0.00596
(0.0139) (0.246) (0.0140) (0.0734)

Leverage -0.0265 -0.644∗∗ -0.0185 0.00629
(0.0217) (0.282) (0.0224) (0.103)

EB 0.328∗∗∗ -2.244∗∗ 0.326∗∗∗ -1.000∗

(0.00543) (1.082) (0.00547) (0.590)
First-stage F-stat 6.32 5.58
Weak instrument test 6.32 5.58
Underidentification test 7.04 6.20
Firm FE Y Y Y Y
CPC section×year Y Y Y Y
Observations 24967 24967 24606 24606
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Table A9: Instrumental variable analysis — supplement with the WARN layoff data

The table presents results from the instrumental variable regressions that examine sales growth benefits to
patent users where we mitigate potential endogeneity issues. The observations are at the firm-year level
for the period of 1987 to 2020. The sample period in this analysis is shorter because our bankruptcy data
from Audit Analytics starts in 1987. We supplement the main instrumental variable sample with potential
inventor moves from large layoffs using the Worker Adjustment and Retraining Notification (WARN) lay-
off data. We use the average of inventor-level hunting intensities (the fraction of late-bloomer patents) of
bankrupt neighbors within a 100-mile radius as an instrument for nearby firms’ late-bloomer hunting activ-
ities. Bankrupt neighbor’s hunting intensity is the past three-year average before bankruptcy, considering
that inventors may not file patents every year. A bankrupt neighbor’s hunting intensity is set to zero when
no bankruptcy occurs. When multiple bankruptcies occur within the same 100-mile radius at the same
time, we use the average hunting intensity of all bankrupt firms. Columns 1 and 3 are the first-stage results
from the regressions of patent hunting on the instrument. To account for the fact that it takes time for
the moving inventor to develop new patents at a new firm, we lag the instrument by three years. We use
the Cragg-Donald Wald F-stat for the weak instrument test and the Kleibergen-Paap rk statistic for the
underidentification test. Columns 2 and 4 are the second-stage results from the regressions of sales growth on
instrumented patent hunting. Sales growth is the five-year sales growth, computed as (salest+5/salest)−1.
LB is the log of one plus the number of hunted late-bloomer patents in a given year. The regressions include
the firm fixed effects and the focal firm’s main CPC section-by-year joint fixed effects. Standard errors in
parentheses are clustered at the bankrupt firm neighbor by year level. ***p<0.01, **p<0.05, *p<0.1. See
Internet Appendix A for variable definitions in detail.

First stage Second stage First stage Second stage
LB Sales growth LB Avg Tobin’s Q
(1) (2) (3) (4)

Bankrupt neighbor hunting intensity 0.401∗∗∗ 0.395∗∗∗

(0.0837) (0.0846)

Instrumented LB 4.756∗∗∗ 1.189∗

(1.660) (0.634)

EB 0.331∗∗∗ -1.663∗∗∗ 0.328∗∗∗ -0.416∗∗

(0.00519) (0.550) (0.00525) (0.208)

Asset 0.0423∗∗∗ -0.925∗∗∗ 0.0381∗∗∗ -0.424∗∗∗

(0.00526) (0.0909) (0.00538) (0.0286)

Age 0.0481∗∗∗ -0.316∗∗∗ 0.0504∗∗∗ -0.146∗∗∗

(0.00917) (0.114) (0.00975) (0.0429)

ROA -0.00574 -2.281∗∗∗ -0.0130 -0.0105
(0.0137) (0.237) (0.0139) (0.0620)

Leverage -0.0341 -0.625∗∗ -0.0266 -0.0144
(0.0211) (0.257) (0.0219) (0.0789)

First-stage F-stat 22.91 21.85
Weak instrument test 21.25 20.35
Underidentification test 22.91 21.85
Firm FE Y Y Y Y
CPC section × year FE Y Y Y Y
Observations 25654 25654 25290 25290
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