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Abstract

This paper provides empirical evidence suggesting that patents may facilitate knowl-

edge disclosure. The analysis exploits the Invention Secrecy Act, which grants the

U.S. Commissioner for Patents the right to prevent the disclosure of new inventions

that represent a threat to national security. Using a two-level matching approach, we

document a negative and large relationship between the enforcement of a secrecy order

and follow-on inventions, as captured with patent citations and text-based measures

of invention similarity. The effect carries over to after the lift of the secrecy period,

suggesting a lost generation of inventions. The results bear implications for innovation

and intellectual property policy.
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1 Introduction

The patent system is supposed to “promote the progress of science” in two primary ways.1

Firstly, it enhances the appropriability of inventions. By granting inventors a temporary

monopoly on their inventions, the patent system mitigates incentive problems stemming

from the public good nature of knowledge (Nordhaus, 1967). Secondly, it facilitates the dis-

semination of knowledge. The patent document discloses the invention’s technical aspects,

with the aim of stimulating follow-on inventions (Ouellette, 2012).

In accordance with the enablement requirement in patent law, inventors must provide

a comprehensive description of their invention so that a person skilled in the relevant field

can successfully implement it.2 This disclosure is essential for delineating the boundaries

of the claimed property rights and enables third parties to manufacture and market the

invention once the patent has expired. Additionally, third parties may learn from the dis-

closed information, employing it as a foundation for subsequent inventions. Economists

have paid particular attention to this latter aspect, driven by its implications for ‘knowl-

edge spillovers’ (Marshall, 1920; Krugman, 1992; Jaffe et al., 1993). Nonetheless, as Sampat

(2018, p. 20) noted in his comprehensive literature review, “the quantitative effects of the

disclosure function of patents on rates of innovation are not well known.”

Following a body of scholarship (Rantanen, 2012; Lemley, 2012; Hall et al., 2014), one

can conceptualize the ‘disclosure effect’ of patents in two distinct ways. In a narrow way,

the disclosure effect pertains to unveiling the technical information in the patent document.

This viewpoint aligns with the conventional understanding of disclosure. In a broader way,

the disclosure effect encompasses not only the conventional aspect but also recognizes that

patent protection facilitates the revelation of additional information about the invention,

termed ‘peripheral’ disclosure by Rantanen (2012). Patents guard inventors against the

threat of expropriation. Consequently, once an inventor obtains a patent, she no longer

needs to keep the invention secret. She can more freely disclose details of the invention, e.g.,

in trade exhibitions or scientific publications, while retaining the ability to prevent others

1U.S. Constitution art. I, § 8, cl. 8.
2U.S. Code Title 35 § 112.
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from utilizing the invention.

The central aim of this paper is to quantify the extent of the disclosure function of

patents in its broader sense, compared to the baseline of maintaining secrecy. Our approach

leverages the Invention Secrecy Act of 1951, which empowers the U.S. Commissioner of

Patents with the authority to withhold the publication of patent documents posing a threat

to national security. Inventors of patents subject to a secrecy order are legally prohibited

from divulging any material information relevant to the invention. In essence, all avenues

for disseminating information are stifled—the invention disappears into a figurative ‘black

hole’ for the duration of the secrecy period. We have identified a total of 2,542 patents

that were subjected to a secrecy order during the period spanning from 1982 to 2000.

Subsequently, these secrecy orders were rescinded by the Commissioner of Patents, allowing

us to investigate the impact of disclosure (or, more precisely, the absence of it) on follow-on

inventions.

The empirical analysis in this study relies on a matching approach, estimating regres-

sion models on a carefully selected subsample of control group observations. Within this

framework, treated patents are patents cited by a patent subject to a secrecy order. Control

patents, on the other hand, are patents that are matched to the treated patents. The main

outcome variable is the number of citations received by the treated and control patents, as

a proxy for follow-on inventions. We also measure follow-on inventions using a text-based

measure of invention similarity.

Our findings reveal a robust and significant negative relationship between the enforce-

ment of a secrecy order and the emergence of follow-on inventions. The estimates suggest

that the imposition of a secrecy order lowers the arrival of follow-on inventions by 40 per-

cent during the period of the secrecy order, relative to the baseline of no secrecy orders.

Remarkably, this adverse effect persists even after the lift of the secrecy order, suggesting

a ‘lost generation’ of follow-on inventions. Our results are consistent when employing the

text-based measure of invention similarity.

We validate the findings through a battery of robustness tests, including, but not lim-

ited to, alternative regression models, a falsification test, stringent sample restrictions, and
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matching on technological trajectories. To address potential concerns that secrecy orders

may primarily affect the patenting behavior of firms in the defense industry rather than fun-

damentally curbing inventions, we investigate follow-on inventions by non-defense firms. We

observe a similar decline in patenting activity among non-defense firms (defined in various

ways). These results, along with other findings presented in this paper, collectively provide

evidence of a genuine reduction in follow-on inventions after enforcing a secrecy order.

Given the pivotal role of innovation in driving economic growth, our empirical findings

hold considerable significance for public policy. The debate surrounding whether disclosure

within the patent system facilitates subsequent inventions has been a prominent subject of

discussion within the scholarly literature. This paper contributes original empirical evidence

that supports the affirmative stance, indicating that, indeed, disclosure fosters follow-on in-

ventions. Furthermore, our findings spotlight one of the social costs associated with secrecy:

a reduction in the generation of follow-on inventions.

The remainder of this paper is structured as follows. Section 2 furnishes background

information on the disclosure function of the patent system. Section 3 elaborates on the

identification strategy employed, while Section 4 provides a comprehensive overview of the

data and methods utilized in our analysis. Section 5 delves into a detailed discussion of the

econometric results. Finally, Section 6 offers concluding remarks.

2 Literature Background

A recent strand of research has contributed empirical insights into the disclosure function

of patents through the use of quasi-experimental designs. Furman et al. (2021) leverage

the openings of regional patent libraries by the United States Patent and Trademark Office

(USPTO) between 1975 and 1997. They document a noteworthy upsurge in local patenting

activities subsequent to the establishment of these libraries, attributing this phenomenon

to the enhanced disclosure of technical knowledge facilitated by these libraries. Cox (2019)

observes a similar effect with the introduction of the disclosure requirement in British patent

law in 1734. Baruffaldi and Simeth (2020), as well as Hegde et al. (2020), exploit the
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introduction of the American Inventors Protection Act (AIPA), which significantly reduced

the publication time for patent documents. Both studies report substantial increases in the

flow of information from patents following the enactment of the AIPA, signifying noteworthy

dissemination of technology.

These aforementioned studies yield evidence of a positive impact of ‘conventional’ disclo-

sure on the generation of follow-on inventions. They gauge the effects of enhancing access

to patent literature against a baseline in which access to patent documents is either costly

or temporarily unavailable, but the legal consequences of patents remain in effect. This

finding is particularly remarkable, for it suggests that inventors glean valuable insights from

the patent literature.

In contrast to previous studies, inventions subject to a secrecy order were expected to

receive patent protection and be disclosed via the patent system. However, the award of

patents was delayed, and the peripheral disclosure channels were silenced. A study by Gross

(2022) offers an analysis closely aligned with ours. The author exploits a mass patent secrecy

program that persisted throughout World War II (WWII). Gross’s analysis sheds light on

the impact of secrecy at the intensive margin, demonstrating that patents subjected to

longer secrecy terms were less likely to be cited (and used) by future patents. Nevertheless,

as Gross explains, it remains unclear “why a temporary invention secrecy policy in the

1940s would affect long-run, post-war citations, and especially citations from a population

of patents which were mostly filed after secrecy orders were rescinded.” Indeed, due to data

limitations, the paper does not address the flow (or lack thereof) of knowledge during the

enforcement of secrecy orders or immediately thereafter. Additionally, the context of WWII

was marked by substantial investments and rapid advancements in military technologies,

leaving open questions about the generalizability of these results outside the context of a

global war. Another notable departure from Gross (2022) is that we offer an analysis at the

‘extensive’ margin. We gauge the impact of secrecy orders against the baseline of disclosure,

rather than comparing it to shorter periods of secrecy.
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3 Definition of ‘secret inventions’ and ‘follow-on in-

ventions’

We aim to assess the extent to which knowledge flows are disrupted when an invention is kept

secret rather than patented. In an ideal experiment, we would observe the same invention in

two mutually exclusive regimes: one in which the inventor files a patent application for the

invention and another in which the inventor opts to maintain the same invention as a secret.

We would then compare how many inventions were built upon the focal invention in both

regimes. Inventions ‘building’ upon the secret invention would occur because knowledge is

‘in the air,’ and the difference with the non-secret invention would be the broad disclosure

effect. While it is infeasible to conduct this ideal experiment, our discussion highlights the

necessity of two main components: a means of identifying secret inventions and a method

for tracking follow-on inventions.

To identify secret inventions, we leverage the 1951 Invention Secrecy Act, which remains

in effect to this day.3 This Act allows the patent office to impose secrecy orders on patent

applications. These secrecy orders also oblige inventors to refrain from disclosing the in-

vention, under the threat of a potential jail sentence of up to two years. Consequently,

the secrecy regime for such inventions shares specific characteristics with inventions kept as

trade secrets, at least from the perspective of information disclosure. However, a critical

distinction exists: secrecy orders have a finite duration. They last for one year and can be

extended for as many years as deemed necessary by the relevant government agency, until

the invention is no longer a threat to public safety and defense. At that point, the patent

application is approved, and the invention is disclosed.

As for tracking subsequent inventions, we draw upon the well-established tradition in

the economic literature that utilizes patent citations as “paper trails” of knowledge dif-

fusion (Jaffe et al., 1993). Despite some criticisms (Alcacer and Gittelman, 2006; Kuhn

et al., 2019), citation data remain the most comprehensive and frequently utilized metric

for monitoring cumulative innovation in economic research (e.g., Belenzon, 2012; Galasso

3See Manual of Patent Examining Procedure, 120.
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and Schankerman, 2014; Moser et al., 2017; Jaffe and de Rassenfosse, 2017). We follow

this tradition and employ the count of forward citations as our primary measure for track-

ing follow-on inventions. Additionally, we will employ an alternative approach involving a

content-based measure. This approach utilizes data provided by the Google Patents team,

assessing the textual similarity of patents. This measure derives from a model that has

learned a set-of-words embedding of the full text of a patent relative to its technology class

(CPC) using the WSABIE embedding algorithm (Weston et al., 2011).4 From a technical

viewpoint, this method is superior to other approaches that have used unsupervised em-

beddings relying either on single-layer Neural Networks such as Word2Vec (Whalen et al.,

2020) or more basic methods such as one-hot encoding (Iaria et al., 2018; Arts et al., 2018)

and TD-IDF (Younge and Kuhn, 2016). See de Rassenfosse and Raiteri (2022) for previous

use of Google embeddings.

While both components are in place, we still face a major challenge. If an invention is

kept secret, there are no forward citations to count, at least not until the lift of the secrecy

order. Knowledge generation is a cumulative process (e.g., Scotchmer, 1991; Jones, 2009;

Dosi and Nelson, 2010). By preventing a specific body of new knowledge from emerging, we

not only deprive the world of that piece of knowledge but also of potential improvements

and modifications that could build upon that knowledge. Consequently, we take a step back

in the invention sequence and identify the technological antecedents to secret inventions.5

We can view these technological antecedents as the starting point of an invention sequence

that can evolve in two alternative regimes: the secret regime and the patent regime. In the

secret regime, the technological antecedents are cited (i.e., used as input) by an invention

that receives a secrecy order, resulting in no patent issuance and no disclosure. In the patent

regime, the subsequent invention is patented and disclosed. In both regimes, the invention

sequence that commenced with the antecedents continues to evolve over time. Even in the

secret regime, we can observe new follow-on inventions that cite the antecedents during the

4See, e.g., https://patents.google.com/?q=~patent%2fUS7945525B2. More details on the similarity
algorithm are available at https://media.epo.org/play/gsgoogle2017.

5Secret inventions are examined before Notices of Allowability are issued. Patent examiners produced a
search report with the citations to the relevant prior art as of the time of examination. We can thus use
backward citations to track the technological antecedents of secret patents in the inventive sequence.
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period between the imposition of the secrecy order on the follow-on patent and the lift of

the secrecy order.

Our empirical strategy lies in estimating the differences in the rate of emergence of

follow-on inventions in this time window between the two regimes, as summarized in Figure

1.

[INSERT FIGURE 1 ABOUT HERE]

4 Data

We leverage the USPTO Patent Examination Research Dataset (PatEx) to identify patents

that were initially subject to a secrecy order but subsequently had the order rescinded.

The PatEx dataset, compiled by Graham et al. (2018), provides us full access to the exten-

sive data collected by the Public Patent Application Information Retrieval system (Public

PAIR).6 The PAIR system offers comprehensive data on the administrative transactions

that transpired between patent examiners and applicants throughout the patent prosecu-

tion process, including information on secrecy orders.

Our sample encompasses 2,542 patents filed between 1982 and 2000 that were subjected

to a secrecy order. Commencing with patents filed in 1982, we have the ability to trace

the communications used by examiners to notify applicants of the imposition of a secrecy

order, including renewals and the subsequent rescission of secrecy orders.7 Figure A.1–A.3

in Appendix A provides an example of such communications. To maintain the integrity of

our analysis and avoid potential biases associated with the American Inventors Protection

Act (AIPA), we limit our sample to patents filed up to the year 2000.8 Of these patents,

421 were associated with foreign assignees, which we exclude to strengthen the identification

strategy, resulting in a sample size of 2,121 patents.

6The PatEx dataset is available at https://www.uspto.gov/learning-and-resources/

electronic-data-products/patent-examination-research-dataset-public-pair.
7Information on the rescission of the secrecy order is not available prior to 1981; thus, patents might

have been subject to a secrecy order that was then lifted without our knowledge.
8After the AIPA, the patent application is disclosed in full after 18 months from filing. See Graham and

Hegde (2015) for a detailed description of this policy change.

8

https://www.uspto.gov/learning-and-resources/electronic-data-products/patent-examination-research-dataset-public-pair
https://www.uspto.gov/learning-and-resources/electronic-data-products/patent-examination-research-dataset-public-pair


As detailed in Section 3, we construct our estimation sample through a two-tiered match-

ing process, illustrated in Figure 1. In essence, we are carefully trimming observations to

construct a meaningful control group, as discussed inter alia by Ho et al. (2007, 2011) and

Iacus et al. (2012, 2019). The first tier, termed Level 1 matching, involves identifying an

appropriate group of control patents for the sample of 2,121 patents subject to a secrecy

order. We draw these control patents from a pool of 123,618 U.S. patents filed between 1982

and 2000, all of which were examined by patent examiners who had inspected at least one

patent subject to a secrecy order. This approach ensures some consistency in the subject

matter of the inventions. Subsequently, we implement an exact matching procedure based

on the primary technological class (USPC) and the year of application. This procedure

results in a sample of 46,291 Level 1 control patents matched with 1,941 patents subject to

a secrecy order.9

In the second tier, termed Level 2 matching, we begin by identifying all patent an-

tecedents associated with the two selected groups, comprising secret patents and their

matches. This process yields 16,146 patent antecedents linked to the group of secret patents

and 410,377 patent antecedents linked to the group of matched patents. Subsequently, we

employ an exact matching technique to enhance homogeneity between these two groups of

patents. We perform exact matches based on the primary USPC patent class, the year of

patent application, and the geographical location of assignees (U.S. vs. foreign). Further-

more, we impose that both treated and control patent antecedents must have received an

identical number of forward citations from the year of their application until the year in

which the secrecy order was imposed on the citing patent.10 This restriction ensures that

we consider treated and control patents that appear similarly ‘promising’ until the imposi-

tion of the secrecy order. By design, the treated and control antecedents are cited at least

once, implying that we focus our attention on inventions that offer some proven potential

for follow-on inventions. Our method is silent on inventions disclosed but never built upon,

reminding us that disclosure does not necessarily imply the arrival of follow-on inventions

9We do not find any exact match for 180 treated patents.
10For the calculation of the forward citations of the control patent antecedents, we consider the year of

the imposition of the secrecy order of the associated treated patent.
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(e.g., some inventions might be technological dead-ends or be of limited value).

This stringent double-matching procedure yields a final sample of 1,313 treated and 3,176

control patent antecedents, which constitute our focal patents. These patents are linked to

725 citing patents with a secrecy order and 2,824 citing patents without a secrecy order,

respectively. Additionally, we enrich our dataset by retrieving relevant characteristics of

both our focal patents and citing patents, including family size and the number of claims,

backward citations, and inventors listed in the patent document (sourced from the PATSTAT

database, release 2015).

Figure 2a presents the distribution of secrecy order durations (solid line). This distribu-

tion is right-skewed, with a mode of one year and an average duration of 4.1 years. Figure 2b

plots the frequency distribution of patent filing years for the 725 patents subjected to secrecy

orders. The majority of patents in our sample originate from the late 1980s to the early

1990s.

[INSERT FIGURES 2a and 2b ABOUT HERE]

To provide insight into the technological domains of these patents, Table B.1 in Ap-

pendix B presents different USPC main classes sorted by the number of patents. Notably,

many of the most frequent classes pertain to technologies with obvious military applications,

such as class 342 (Communications: directive radio wave systems and devices), class 102

(Ammunition and explosives), class 149 (Explosive and thermic compositions or charges),

and class 343 (Communication: radio wave antennas). However, this is not true for all

technologies. For instance, a declassified document from 1971 reveals that technologies such

as “solar photovoltaic generators,” “computer-aided design,” and the “rapid production of

photographic prints” were considered for restrictions.11

Table 1 Panel A provides summary statistics on citing patents with secrecy orders for

the total sample (2,121 observations) and the matched sample (725 observations). Focusing

on the matched sample, we observe that, on average, each patent contains approximately

15 claims, has received over 16 citations, and has a family size of two, signifying that it has

been extended to other jurisdictions following the rescission of the secrecy order. Moreover,

11Source: https://fas.org/sgp/othergov/invention/pscrl.pdf, last accessed Jan 4, 2023.
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each patent references about twelve prior patent documents and one non-patent literature

document, including scientific references. A team of two inventors typically produces these

patents. The average duration of secrecy orders is 3.7 years; however, this variable exhibits

a right-skewed distribution, ranging from several months to 20 years, with over one-third of

secrecy orders lasting less than two years (see Figure 2a, dashed line). In this latter case,

it is clear that the secrecy order did not extend the non-disclosure period because patent

documents were not published before grant until the AIPA came into force in November

2000. In fact, the median lag between the filing date of a patent application at the USPTO

and the grant date is about 23 months in the period we consider. Therefore, for our baseline

empirical analysis, we focus exclusively on patents with secrecy orders that exceed three

years. This criterion ensures that the disclosure of information about the secret patent was

substantially delayed compared to the control patent. Consequently, our final estimation

sample comprises 505 treated and 1,244 control patent antecedents (our focal patents),

linked to 297 citing patents with secrecy orders and 1,152 citing patents without secrecy

orders, respectively.

[INSERT TABLE 1 ABOUT HERE]

5 Econometric results

5.1 Empirical model

Our econometric model is:

yi = c+ φSecreti + γXi + δs + δt + εi, (1)

where the dependent variable yi represents the number of forward citations received by focal

patent i starting from the year in which the secrecy order of its citing patent was imposed.

We measure citations at two points: until the publication year of the secret patent (which

roughly corresponds to the year of the rescission of the secrecy order) and until five years
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after the publication of the patent.12 More details regarding the text-based measure of

similarity are discussed in Section 5.3.

The variable of interest is the dummy variable Secreti. It takes the value 1 if the focal

patent has been cited by a patent subject to a secrecy order, and 0 otherwise. The sign and

significance of the coefficient φ will provide insights into whether and to what extent the

enforcement of a secrecy order acts as a barrier to the diffusion of knowledge.

The vector Xi captures features of the focal patent, including the size of the patent

family at the international level, the number of inventors listed on the patent document,

the number of claims, and the number of backward citations to both patent and non-patent

literature.13 The vector δs consists of a complete set of USPC (main) class fixed effects,

and the vector δt includes filing year fixed effects for both citing and cited patents. The

parameters c and (φ,γ) are the intercept and slope coefficients, respectively. The error term

εi represents unobserved factors and is assumed i.i.d.14

Table 1 Panel B presents summary statistics for control and treated patents in the

estimation sample. Notably, treated patents appear to receive fewer citations during the

secrecy order period (represented by the variable ‘Secrecy,’ which spans from the imposition

of the secrecy order to the publication of the patent document), providing initial evidence

of the disclosure effect. Importantly, treated and control patents have the same number

of citations until the secret patent arrives, as designed (variable ‘Pre-Secrecy,’ which spans

from the focal patent’s filing date to the secret patent’s arrival). The exact Level 2 matching

effectively balances treated and control patents concerning all relevant covariates.

5.2 Baseline results

Table 2 presents the results of the baseline OLS estimates (based on the matched subsample

of data) for the main dependent variables. As discussed in Section 4, the sample comprises

treated and control focal patents (the ‘antecedents’) that were cited by a patent with a

12For the calculation of the forward citations of a control patent, we consider the year in which the secrecy
is rescinded for the associated treated patent.

13It is worth noting that a specification including matched-pair fixed effects produces very similar results.
14Abadie and Spiess (2022) advise clustering the standard errors at the level of the matched sets in case of

potential misspecification of the linear regression model. All our results are robust to matched set clustering.
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secrecy order (or its control) lasting at least three years. The results, reported in columns (1)

and (2), reveal a negative and statistically significant relationship between the enforcement of

a secrecy order and follow-on inventions. Specifically, a patent cited by a patented invention

that has been kept secret for at least three years receives, on average, approximately 1.35

fewer citations than its control counterpart (column 1). When compared with the average

of 3.31 forward citations received by focal patents, this coefficient implies a 41-percent

reduction in forward citations during the secrecy period (1.354/3.313). This negative effect

of secrecy slightly increases to 45 percent when extending the citation window to five years

after the publication of the citing patent, i.e., after the lift of the secrecy order (column

2). Consequently, it appears that lifting the secrecy order does not reverse the trend of lost

citations—the decrease persists even after the secrecy order is rescinded.

[INSERT TABLE 2 ABOUT HERE]

To gain further insights into the effect of secrecy at the intensive margin, we re-estimate

the regression model by considering a secrecy length threshold of at least six years, rather

than three. The OLS estimates in columns (3) and (4) of Table 2 result in coefficients of

-1.77 and -2.99, respectively, corresponding to a reduction of 43 percent and 48 percent in

the number of forward citations received by the focal patent compared to the control patent.

Next, to account for the count nature of citations, we re-estimate the baseline model

using the negative binomial estimator, as shown in columns (5) and (6) of Table 2. When

considering citations received during the secrecy period (column 5), the estimate implies a

29-percent reduction in the number of forward citations received by the focal patent (and

33% in column 6). We obtain qualitatively similar results with OLS by transforming the

dependent variable to the log number of citations (not reported).

Collectively, these initial estimates suggest a substantial effect of secrecy orders on follow-

on inventions. Being cited by a patent temporarily kept secret is associated with a significant

reduction in the arrival of follow-on inventions. Furthermore, the length of the secrecy order

appears to amplify this negative effect.
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5.3 Tracking follow-on inventions using data on patent text sim-

ilarity

As discussed in Section 3, the use of patent citations to track follow-on inventions has faced

criticism. This section establishes the robustness of the results when identifying follow-on

inventions using a content-based approach.

We begin with the set of treated and control patents identified through the Level 2

matching method outlined in Section 4. However, instead of relying on citation counts, we

track inventions most similar to the treated and control focal patents based on the content

of the patent documents. The search for similar patents on the Google Patents platform (see

footnote 4) yielded an average of 1,905 patents per document, but we retain information on

the first hundred most similar patents.15 To measure the degree of similarity between the

focal patents and these patents, we exploit the embedding vectors available from the Google

Big Query data platform. These vectors allow us to calculate the cosine similarity between

any two patents, providing a precise ranking of patent similarity.

Before using this data, we filter out certain patents from the list returned by Google

Patents. This broad list comprises worldwide patents filed across various time periods

and technology fields and includes patents related to the same family as the focal patents.

For each focal patent i, we restrict the set to U.S. patents, keep only one similar patent

per INPADOC family, and exclude similar patents related to the focal patent i’s family.

Furthermore, we narrow down the sample by excluding similar patents with a primary

USPC class different from the USPC class of the matched (secret or control) patents citing

focal patent i. This refinement helps us better isolate the potential hindering effect caused

by the secrecy order on follow-on inventions.

The subsequent step involves constructing two dependent variables, following the same

methodology as in the primary analysis. We count patents similar to focal patent i that

emerged between the year in which the secrecy order was imposed on its citing patent and

the publication year of the secret patent (Secrecy), as well as five years after the patent’s

15Google Patents only deems two patent documents similar if their cosine similarity score is 0.7 or higher.
Hence, our analysis focuses on patents exceeding the 0.7 similarity threshold.

14



publication (Secrecy+5).

In an initial analysis, we restrict similar patents to follow-on patents with a cosine

similarity score greater than or equal to 0.80, which corresponds to the median similarity

value in the data. The results in Panel A of Table 3, columns (1)–(2), reaffirm the negative

effect of imposing a secrecy order on follow-on inventions. Patents cited by patents subject

to a secrecy order are associated with significantly fewer textually similar patents compared

to the control group. Furthermore, these findings remain robust when focusing on patents

with a cosine similarity score greater than 0.85, which corresponds to the 90th percentile

value in the data (columns 3 and 4).

[INSERT TABLE 3 ABOUT HERE]

5.4 Robustness tests

Several potential sources of bias in our estimates warrant consideration, and this section

explores these concerns. One potential threat pertains to the specific nature of patents

subjected to secrecy orders. While our empirical analysis centers on patents cited by secret

patents (along with their control patents), there may be lingering concerns about whether

our two-level matching approach fully mitigates this potential bias. A second concern re-

volves around the possibility of alternative explanations accounting for the observed pat-

terns. Specifically, technology domains subject to secrecy orders could be well-known among

industry insiders, and the reduction in citations might reflect a decline in the number of

patent filings rather than a genuine decrease in inventive activity.

5.4.1 Falsification test and alternative matching

While our two-level matching approach is designed to account for the specific characteristics

of secret patents, it is important to consider the possibility that certain attributes of a patent

could make it more likely to be cited by a secret patent.

To assess the validity of our identification strategy, we can leverage a feature of the

data. As illustrated in Figure 2a (dashed line), some secrecy orders are relatively short,

with approximately 100 patents in the matched sample subjected to secrecy orders lasting
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less than one year. For such short secrecy orders, the impact of secrecy should be null since

patents were not published before grant during our study’s time frame.16

We conduct a falsification test by replicating the analysis on the subset of patents (along

with their controls) that were subject to secrecy orders lasting less than one year. As shown

in Table 3 Panel B, the treatment effect becomes statistically indistinguishable from zero,

providing additional support for the validity of our approach (columns 1 and 2).

Furthermore, our results remain robust to a more stringent alternative matching ap-

proach. In our baseline analysis, the Level 1 matching coupled secret patents with similar

non-secret patents based on their primary technology class and filing year. However, it did

not consider the similarity of the knowledge upon which they were built. In this alternative

matching, we impose in Level 1 that a non-secret patent must share at least one backward

citation with a secret patent. Subsequently, we identify treated and control focal patents

(Level 2 ) from this more restrictive sample using the same covariates as in the baseline case:

application year, primary USPC class, and the number of forward citations accumulated

from the patent’s filing year until the filing year of the associated citing patent application.

This process yields a final sample of 534 treated and control cited patents.17

The coefficients of the variable of interest, presented in Panel B of Table 3, remain

negative and statistically significant. Compared to the baseline model, the effect is even

more pronounced. The OLS estimate in column (3) suggests a 50-percent reduction in

forward citations during the secrecy period and a 55-percent reduction up to five years after

the secrecy period concludes (column 4).

5.4.2 Inventions or patents?

As previously alluded to, the observed decline in citations may potentially signify a reduction

in patenting rather than a decline in actual inventions. It is plausible that follow-on inventive

16During the time of our study, patents were not published until they were granted, and examination took
at least as long as these short secrecy orders. In other words, the secrecy constraint imposed by secrecy
orders was not binding.

17We conducted several additional analyses (not reported) to enhance the Level 2 matching. Specifi-
cally, we exploited the backward citation network and the characteristics of the pre-secrecy citations of the
treated and control patents to increase the similarity of their technological trajectories. These additional
checks consistently led to a more pronounced impact of secrecy as we enhanced the similarity between the
technological trajectories of the treated and control patents.
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activity remains strong, but assignees operating in sensitive technological domains may opt

for secrecy over patenting (or be forced into secrecy), resulting in a reduction in citations.

While we cannot directly address this issue (as we do not observe inventions that were not

filed), we can identify assignees who were more likely to be aware of and exposed to secrecy

orders or may better understand the sensitive nature of their technologies.

In our first robustness test, we focus on the population of assignees engaged in sensitive

technologies, specifically contractors for the Department of Defense (DoD). We partition the

dependent variable into two variables. The variable ‘Cites by DoD contractors’ measures

forward citations originating from patents held by contractors that conducted R&D work

with the U.S. government between 1982 and 2000.18 The variable ‘Cites by non-DoD con-

tractors’ represents the complementary set. Table 4 Panel A displays the results of these

additional estimates. Interestingly, the treatment effect appears more pronounced when

focusing on citations from organizations that are not DoD contractors compared to those

that are DoD contractors. This finding suggests that there is indeed a genuine reduction in

follow-on inventions.

[INSERT TABLE 4 ABOUT HERE]

Next, we filter by relevant technologies rather than specific organizations. We segment

citations into two categories: those stemming from USPC classes susceptible to receiving a

secrecy order and those that are not at risk. The variable ‘Cites from secret classes’ captures

forward citations from patents belonging to USPC classes that were assigned as the primary

class to patents receiving a secrecy order during our reference period. The variable ‘Cites

from non-secret classes’ exclusively includes forward citations from patents belonging to

USPC classes that were never designated as the primary class for patents receiving secrecy

orders in our reference period. Panel B of Table 4 reveals that the treatment effect remains

negative and statistically significant even within ‘non-secret’ patent classes.

18To identify contractors that performed R&D work for the Department of Defense during the period 1982–
2000, we utilized the Records of Prime Contracts Awarded by the Military Services and Agencies, available in
electronic format from the National Archives and Records Administration (NARA). These records contain
data from the Defense Contract Action Data System (DCADS) regarding contracts for goods and services
between private sector entities and Department of Defense agencies spanning from 1976 to 2000. The
data are available at https://www.archives.gov/research/electronic-records/reference-report/

federal-contracts.
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In an unreported final test, we recompute the dependent variables by excluding forward

citations originating from assignees that have received at least one secrecy order. These

assignees are the most likely to be involved in sensitive technologies. The results remain

quantitatively similar to the baseline findings.

In summary, these tests support the view that the decline in citations reflects a genuine

reduction in the rate of invention. The results do not appear to be driven by inventors

filing fewer patents while producing the same amount of inventions that are at risk of being

subject to secrecy orders.19

5.5 Knowledge is in the air, but also in the patent document

Our previous analysis has shown that enforcing a secrecy order impedes the emergence of

follow-on inventions, an effect that we interpret as being consistent with the disclosure effect

in a broad sense. In the preceding section, we ruled out potential confounding factors and

various alternative explanations for the observed effect. In this section, we delve deeper

into the question of whether the disclosure of knowledge in the patent document plays a

significant role in driving this effect.

Specifically, if the effect we observe is, in part, a consequence of restricted access to the

codified knowledge contained within the patent document, we expect this effect to be more

pronounced in areas geographically distant from the focal patent.

The literature on knowledge spillovers has long emphasized that knowledge is in the air,

but that it is localized (see, e.g., Agrawal et al., 2008; Murata et al., 2013). The knowledge

contributing to an invention is generally available for everyone to build upon. Consequently,

closely related follow-on inventions are likely to emerge in geographically proximate entities,

irrespective of the learning opportunities offered by the disclosure of codified knowledge

through the patent system.

Therefore, to the extent that the filing of a patent facilitates the diffusion of valuable

19We also conducted an unreported robustness check to examine whether the negative effect of secrecy
is more pronounced during periods of heightened geopolitical tensions, such as during the Cold War years.
Our results showed no significant difference between the effects of secrecy orders imposed during the Cold
War and those imposed afterward, suggesting that the adverse impact of secrecy is not limited to specific
historical periods.
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information, we anticipate that the effect of obstructing all channels of knowledge disclosure

would be more pronounced for geographically distant pairs of patents.

To test this hypothesis, we first reconstruct our sample by exclusively focusing on fo-

cal patents owned by U.S.-based institutions. Subsequently, we construct five dependent

variables, each counting the number of forward citations originating from assignees located

within varying geographical radii: within 100 km, within 300 km, within 500 km, from 500

km to 1000 km, and more than 1000 km. Appendix Table B.2 presents the results of this

set of estimates.

The substantial reduction in magnitude (and the loss of statistical significance) of the

effect for closely located patent pairs aligns with the ‘knowledge is in the air’ hypothesis.

Knowledge is highly localized, and it appears that assignees in relatively close proximity to

the focal inventions do not critically depend on the patent document for learning.20

The observation that the effect of secrecy primarily manifests in geographically distant

patent pairs, where access to codified knowledge is more likely to be a significant channel of

discovery, lends further support to the idea that information disclosure enabled by a patent

is conducive to the diffusion of knowledge.

6 Conclusion

This paper shows that patents play a significant role in enabling knowledge disclosure. We

offer robust evidence that secrecy orders hinder the development of knowledge related to

classified inventions. Our analysis focuses on the citation patterns of 505 prior patents

cited by secret patents, comparing them to a control group of 1,244 prior patents cited

by non-secret patents. Our findings reveal a notable and statistically significant negative

relationship between the enforcement of secrecy orders and the emergence of subsequent

inventions.

According to our OLS estimates, patents cited by a patent subject to a secrecy order

20It should be noted that we do not construe this result as evidence suggesting that peripheral disclosure
channels were not muted. While peripheral disclosure channels constitute one reason why knowledge is
in the air, other factors also contribute. For example, actors in close geographical proximity may share a
common knowledge base, tackle similar problems, and so forth.
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receive an average of 40 percent fewer forward citations than the control group when the

secrecy order is in effect. Remarkably, this effect persists even after the lift of the secrecy

order, suggesting a sustained impact resulting in a loss of inventive output. Furthermore,

our main results remain robust across a wide range of alternative specifications, including

the use of a text-based measure for tracking follow-on inventions. Unfortunately, we are

unable to disentangle the precise sources contributing to this effect, whether it arises from

the absence of published knowledge in the patent document or the suppression of peripheral

disclosure channels.

These findings have important policy implications. Firstly, they underscore that the

Invention Secrecy Act effectively achieves its intended outcomes by significantly reducing

the visibility of technological advancements associated with secret patents.

Secondly, our study contributes to the ongoing discourse on secrecy by shedding light

on one of its social costs—the loss of subsequent inventions. Recent legislative changes in

the United States, such as the expansion of prior user rights defense to patent infringement

through the America Invents Act (AIA) (Khamin, 2014) and the adoption of the Uniform

Trade Secrets Act by an increasing number of U.S. states (Seaman, 2015), have strengthened

the incentives to keep inventions secret.

While our paper does not take a stance on whether current incentives lean too heavily

towards secrecy, it highlights a tangible social cost of secrecy (see also Ganglmair and

Reimers, 2019). Other costs, such as the duplication of R&D investments (Lück et al.,

2020; Hegde et al., 2020), have been explored elsewhere. Conversely, scholars have identified

benefits of secrecy, such as an increase in private R&D investments (Png, 2017). It is

important to note that our analysis specifically examines ‘forced’ secrecy for a select set of

technologies, and our results may not be directly applicable to situations involving voluntary

disclosure.

In conclusion, the optimal level of secrecy to maximize overall growth remains an open

question. This issue is far from settled, and further research is warranted to provide deeper

insights into the complex interplay between secrecy, innovation, and growth.
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Tables and Figures

Figure 1: Illustration of empirical strategy

Treated patent Secret patent

Secrecy Order in force
time

Control patent

Level 1

matching

Level 2

matching

2 citations

3 citations

Citation to focal patent

Notes: A circle represents a patent.
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Figure 2: Frequency distribution of secrecy order length and secrecy order’s application year
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Table 1: Summary Statistics

Panel A. Patents with a secrecy order imposed
Full sample Matched sample

Mean SD Min Max Mean SD Min Max

Secrecy length 4.1 4.0 0 23 3.7 3.6 0 20
No. of claims 14.8 12.4 1 126 15.4 11.9 1 106
Family size 2.1 2.5 1 29 2.0 2.3 1 29
No. of backward citations 9.6 8.0 1 100 12.1 9.4 1 100
No. of non-patent literature 1.4 3.4 0 37 1.3 3.1 0 37
No. of inventors 2.0 1.2 1 12 2.0 1.3 1 11
No. of forward cit (tot) 16.5 20.9 0 234 16.6 19.4 0 179
Number of observations 2,121 725

Panel B. Treated and control focal patents (estimation sample)
Treated Control Mean-Diff

Number of citations accrued:
Pre-Secrecy 2.81 (2.88) 2.81 (2.88) 0.00 [1.000]
Secrecy 2.33 (3.51) 3.72 (5.96) -1.39 [0.000]
Secrecy+3 3.21 (5.26) 5.28 (8.39) -2.07 [0.000]
Secrecy+5 3.67 (6.14) 6.23 (9.83) -2.56 [0.000]

Priority 0.53 (0.49) 0.53 (0.50) 0.00 [0.865]
Family size 3.10 (3.31) 3.33 (3.58) -0.23 [0.286]
No. of backward citations 6.13 (5.03) 6.27 (6.49) -0.14 [0.672]
No. of non-patent literature 0.63 (1.72) 0.72 (2.39) -0.09 [0.600]
No. of inventors 1.80 (1.09) 1.85 (1.21) -0.05 [0.426]
No. of claims 9.25 (10.19) 9.92 (9.91) -0.67 [0.203]
Age classes (USPC) 129.60 (23.57) 129.50 (23.42) 0.09 [0.941]
Number of observations 505 1,244 1,749

Notes - Panel B: Standard deviation in parentheses, p-value in square brackets.
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Table 2: Effect of secrecy orders on forward citations: baseline estimates

Secr. length 3 y Secr. length 6 y Neg. Binomial

(1) (2) (3) (4) (5) (6)
No. of fwd citations: Secrecy Secrecy+5 Secrecy Secrecy+5 Secrecy Secrecy+5

Secret -1.354*** -2.480*** -1.769*** -2.989*** -0.953*** -1.829***
(0.241) (0.381) (0.353) (0.541) (0.143) (0.226)

Pre-Secrecy 0.369*** 0.551*** 0.431** 0.511** 0.161*** 0.268***
(0.124) (0.160) (0.170) (0.213) (0.034) (0.052)

Priority 0.240 0.932 0.208 0.917 0.218 0.627**
(0.389) (0.611) (0.461) (0.829) (0.157) (0.249)

Family size 0.017 0.079 -0.016 0.063 0.021 0.056*
(0.043) (0.065) (0.072) (0.114) (0.021) (0.033)

No. of backward citations 0.080* 0.124* 0.127* 0.197 0.018 0.021
(0.044) (0.073) (0.076) (0.123) (0.011) (0.018)

No. of non-patent literature 0.055 0.143 0.100 0.156 0.047 0.090
(0.084) (0.143) (0.132) (0.221) (0.038) (0.059)

No. of inventors -0.158 -0.156 -0.193 -0.042 -0.055 -0.044
(0.109) (0.176) (0.159) (0.258) (0.051) (0.077)

No. of claims 0.021 0.044* 0.015 0.022 0.017** 0.040***
(0.013) (0.025) (0.018) (0.036) (0.007) (0.011)

Class fixed effects Yes Yes Yes Yes Yes Yes
Filing year fixed effects Yes Yes Yes Yes Yes Yes
Filing year (secr.) fixed effects Yes Yes Yes Yes Yes Yes

Number of observations 1,749 1,749 848 848 1,749 1,749
R2 0.32 0.33 0.53 0.51 - -
Mean of dep. var. 3.313 5.479 4.140 6.288 3.313 5.479

Notes: Estimation method is OLS unless otherwise specified. Robust Standard errors in parentheses. Significant at ***
1%, ** 5% and * 10%. The dependent variable records the cumulative count of forward citations that the focal patent i has
received from the year in which the secrecy order of its citing patent has been imposed until: the publication year of the
patent (cols. 1, 3, and 5); five years after the publication of the patent (cols. 2, 4, and 6). Self-citations and foreign (not-U.S.)
citations are excluded from the count of the dependent variables. The variable Secret is a binary indicator that identifies
those focal patents that have been cited by at least one patent with a secrecy order. Secrecy length of at least three years in
columns (5)–(6). Coefficients in columns (5)–(6) are expressed as marginal effects.
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Table 3: Effect of secrecy orders on follow-on inventions: similarity mea-
sures, placebo test, and alternative matching method

Panel A. Text-based similarity measure
Sim. > 0.8 Sim. > 0.85

(1) (2) (3) (4)
No. of similar patents: Secrecy Secrecy+5 Secrecy Secrecy+5

Secret -0.823** -2.247*** -0.502*** -1.123***
(0.321) (0.666) (0.182) (0.356)

Number of observations 1,748 1,748 1,748 1,748
Mean of dep. var. 3.361 8.074 0.956 2.170

Panel B. Placebo and alternative matching
Placebo Alternative Matching

No. of fwd citations: Secrecy Secrecy+5 Secrecy Secrecy+5

Secret -0.168 0.236 -1.588*** -2.797***
(0.146) (0.570) (0.391) (0.618)

Number of observations 689 689 534 534
Mean of dep. var. 0.929 4.254 3.160 5.105

Notes: The estimation method is OLS. Robust Standard errors in parentheses. Signif-
icant at *** 1%, ** 5% and * 10%. This table only reports the regressor of interest.
Regressors not listed are those of Table 2. See main text for additional details.

Table 4: Effect of secrecy orders on forward citations: additional robustness checks

Panel A. Citations from U.S. government contractors or not
Cites by DoD contractors Cites by non-DoD contractors

(1) (2) (3) (4)
No. of fwd citations: Secrecy Secrecy+5 Secrecy Secrecy+5

Secret -0.604*** -1.152*** -0.900*** -1.509***
(0.186) (0.272) (0.150) (0.227)

Number of observations 1,749 1,749 1,749 1,749
Mean of dep. var. 2.197 3.402 1.257 2.309

Panel B. Citations by secret and non-secret classes
Cites from secret classes Cites from non-secret classes

No. of fwd citations: Secrecy Secrecy+5 Secrecy Secrecy+5

Secret -1.124*** -1.936*** -0.238** -0.554***
(0.207) (0.303) (0.112) (0.200)

Number of observations 1,749 1,749 1,749 1,749
Mean of dep. var. 2.666 4.250 0.632 1.177

Notes: The estimation method is OLS. Robust Standard errors in parentheses. Significant at *** 1%, ** 5% and
* 10%. This table only reports the regressor of interest. Regressors not listed are those of Table 2. See main text
for additional details.
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A Example of secrecy order documents

Figure A.1: Secrecy order imposition document
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Figure A.2: Secrecy order renewal document
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Figure A.3: Secrecy order rescinding document
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B Secrecy orders by technology class

Table B.1: Distribution of patents with a secrecy order by technological class (top 25 USPC main classes)

USPC code USPC definition Freq. Perc.
428 Stock material or miscellaneous articles 52 7.17
342 Communications: directive radio wave systems and devices (e.g., radar) 50 6.90
102 Ammunition and explosives 33 4.55
367 Communications, electrical: acoustic wave systems and devices 31 4.28
356 Optics: measuring and testing 26 3.59
250 Radiant energy 26 3.59
244 Aeronautics and astronautics 26 3.59
89 Ordnance 23 3.17
60 Power plants 22 3.03
427 Coating processes 21 2.9
372 Coherent light generators 21 2.9
264 Plastic and nonmetallic article shaping or treating: processes 18 2.48
364 Electrical Computers and Data Processing Systems 18 2.48
149 Explosive and thermic compositions or charges 17 2.34
333 Wave transmission lines and networks 17 2.34
359 Optical: systems and elements 16 2.21
343 Communications: radio wave antennas 16 2.21
501 Compositions: ceramic 13 1.79
156 Adhesive bonding and miscellaneous chemical manufacture 12 1.66
324 Electricity: measuring and testing 11 1.52
416 Fluid reaction surfaces (i.e., impellers) 9 1.24
423 Chemistry of inorganic compounds 9 1.24
429 Chemistry: electrical current producing apparatus, product, and process 8 1.10
228 Metal fusion bonding 8 1.10
340 Communications: electrical 7 0.97
– Residuals USPC Classes (87 classes) 215 29.7
Total 725 100
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Table B.2: Effect of secrecy orders on forward citations: counting citations by geograph-
ical distance

(1) (2) (3) (4) (5)
<100 km <300 km <500 km 500-1000 km >1000 km

Panel A. OLS estimations
Secret -0.115 -0.090 -0.210 -0.466*** -0.774***

(0.131) (0.192) (0.215) (0.125) (0.244)
Panel B. Poisson estimations
Secret -0.023 -0.043 -0.111 -0.154*** -0.600***

(0.024) (0.073) (0.108) (0.032) (0.153)
Number of observations 1,033 1,033 1,033 1,033 1,033
Mean of dep. var. 0.546 0.909 1.201 0.684 2.323

Notes: Robust Standard errors in parentheses. Significant at *** 1%, ** 5% and * 10%. This table
only reports the regressor of interest. Regressors not listed are those of Table 2. The dependent variable
records the cumulative count of forward citations that the focal patent i has received from the year in
which the secrecy order of its citing patent has been imposed until the publication year of the patent.
We construct five dependent variables by counting citations within different geographical distances from
the residence of the citing and cited assignees: within 100 km (col. 1), within 300 km (col. 2), within
500 km (col. 3), between 500 and 1000 km (col. 4), and above 1000 km (col. 5). Self-citations and
foreign (not-U.S.) citations are excluded from the count of the dependent variables. See main text for
additional details. Panel B: the Negative Binomial regression model did not converge; we have used
Poisson instead. Marginal effects reported.
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