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Abstract

Government intention to spur innovation can result in the proliferation of low-quality
patents, which is especially pronounced in countries with a low level of government
accountability. This study examines the paradoxical effects of government-funded
innovation in weakly institutionalized environments. | offer a game-theoretic model, in
which the government has a stake in technological development and invests in research and
development, although this encourages the growth of low-quality patents. Using Russian
patents data between 1998 and 2016, | illustrate this mechanism by demonstrating the causal
impact of Russia’s government policy, which resulted in a simultaneous increase in the
number of patents and a decrease in the absolute number of high-quality patents in the patent
pool. This study provides a theoretical background for evaluating the impact of political
incentives for investing in the creation of new technologies in the technological development
of countries.
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1 Introduction

Government investment in research and development (R&D) is a vital input into the creation of
new technologies, which is in turn an important determinant of sustained economic growth
(Acemoglu et al., 2018; Aghion et al., 1998; Romer, 1990). Well-documented positive externalities
from the development of new technologies further justify government support for innovation
(Abbas et al., 2019; Aghmiuni et al., 2020; Audretsch & Feldman, 1996; Babina et al.,2023; Bloom
et al., 2013; Fieldhouse & Mertens, 2023; Griliches, 1991; Jaffe, 1986). Not surprisingly,
governments worldwide invest considerably in R&D.!

This study examines government investment in R&D in a weakly institutionalized
environment. Lower-quality institutions have been shown to be associated with poor economic
growth (Acemoglu et al., 2005; Keefer & Knack, 1997). For instance, week institutions have a
detrimental effect on technological change (Acemoglu & Robinson, 2006; Ruttan, 1997). However,
Sharma et al. (2022) suggest that better institutional quality can be detrimental to innovation due
to stronger monopoly provided by intellectual property rights. This study focuses on the role of
political incentives under weak institutions on government innovation policy. Given that the
success of government R&D policy is difficult to evaluate in the short term (Bloom et al., 2019),
investment in R&D is an attractive vehicle for rent-seeking. Corporate transparency (accounting
information quality) has been shown to be positively related to the efficiency of government R&D
expenditures (Zuo & Lin, 2022). However, in the absence of independent expertise and corruption
deterrence, strong incentives for innovation, such as patent prizes or state grants, allow bureaucrats
to extract bribes for awarding patents with little, if any, quality control. This in turn incentivizes
agents to file low-quality patents with the mere intention of receiving government grants
(Arutyunov, 2008). Rather than investing in strengthening institutions, a benevolent government

may rely on key performance indicators (KPIs), such as the total number of new patents or the

1In 2010, the EU outlines five main long-term goals for the 2020 strategy and pledged to devote 3% of GDP to R&D
support. The U.S. government spent $39.9 billion on R&D in 2017 (Sargent Jr, 2018), comparable to the $44.3
billion budgeted for elementary and secondary education.



efficiency of government R&D expenditures measured by the ratio of the number of patents to the
amount spent (Tijssen & Winnink, 2018).

Nevertheless, even in the absence of strong institutions, politicians’ behavior is constrained
by the market response: if patented technology buyers perceive that all patents are “lemons”
(Akerlof, 1970; Wilson, 1991), they would not buy patents. The proposed theoretical model seeks
to explain how the opportunity to take bribes granting patents for “lemons” leads to the following
empirical observation: an increase in government funding leads to an increase in the number of
patents, while in the presence of a corrupt motive, is accompanied by the proliferation of “lemon”
patents.

This study’s setting in which bureaucrats verify the quality of the product, or can be
influenced by bribes, is somewhat similar to the problem of government procurement under
corruption, as explored by Celentani and Ganuza (2002) and Burguet (2017). However, these works
differ in that the procurement agent allocates the realization of a project, whereas in this study, the
approved patent enters the market, and private companies determine whether to purchase it or not.

The proliferation of low-quality patents is not necessarily a result of corruption. Picard and
de la Potterie (2013) discuss the role of quality in the patent examination process from the
perspective of patent offices’ behavior and organization and show that the patent examination
quality is the highest in an office maximizing incentives to innovate and the lowest in one
maximizing the number of granted patents. Frakes and Wasserman (2015) demonstrate that the
resource-constrained USPTO over-grants patents due to incentives. For instance, examiner
behavior is altered depending on the time allocated for reviewing patent applications (Frakes &
Wasserman, 2017). Insufficient examination time may hamper examiner search and rejection
efforts, making examiners more inclined to grant invalid applications. This is exacerbated by
increased examiner procrastination following the introduction of telecommuting in the patent office
(Frakes & Wasserman, 2020). However, these factors do not explain why patent applicants
continue to spend time, money, and effort to acquire invalid patents. This study suggests that

applicants are incentivized by government R&D programs that favor the distribution of funds to
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researchers based on the number of patents.

Meanwhile, such incentives explain the increase in patent applications in affected areas of
study, putting pressure on patent examiners in these areas and reducing the quality of patents.
Nevertheless, this requires irrational politicians who continue to invest in a policy that is welfare-
reducing. Therefore, this study’s theoretical model assumes the politician to be rational and even
to care about economic growth. A setting with weak institutions and sufficiently large government
program, targeted at one sector of R&D is required to empirically test this. Additionally, the
purposes of the established program should not completely match the anticipated developments in
the field. In such circumstances, the empirical strategy builds a valid counterfactual and estimates
the effect of the program on such outcomes as patent quality and patenting activity. Russia presents
an excellent field laboratory to explore the impact of government policy in the presence of weak
institutions (Frye, 2017; Gans-Morse, 2017; Markus, 2016; Wengle, 2015, 2018). Within this
setting, a government program supporting nanotechnology offers a suitable study policy. From
2008, Russia has dramatically increased government support for R&D in the nanotechnology field,
which was, to a large extent, driven by the political agenda of Dmitry Medvedev. Upon succeeding
Vladimir Putin as president in 2008, he put “technological modernization” at the forefront of his
agenda and drastically increased funding of nanotechnology. In a statement representative of this,
he stated, “Instead of the primitive raw material economy, we will create a smart economy
generating unique knowledge, new useful things, and technologies.”? Lamberova (2021)
demonstrates that the mentions of the word “nanotechnology” by itself and in combination with the
name ‘“Medvedev” in the Russian media increased three and two times, respectively, during his
presidency. However, many policies that were established during that period lasted long into the
future as was the case with the program promoting nanotechnology.

Using the trajectory balancing approach (a version of synthetic control), | show that,

compared with non-nanotechnology patent classes, nanotechnology patent classes saw an increase

2CNN report: http://edition.cnn.com/2009/WORLD/europe/11/12/russia.medvedev.speech/
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in the number of patent applications (by 15%), a drop in the total number of citations (by 5%), and
a drop in the average number of citations per patent (by 1.6%). | corroborate these findings at the
individual patent level using a DID approach. This establishes a causal link between the availability
of government R&D support and the quality of patents in the affected field. At the individual patent
level, | find that the drop in the probability of being cited for nanotechnology-related patents filed
after the onset of the policy was 4.5% compared to patents filed before and after policy onset in
other fields. Quantitatively, this is a large decrease, as only 2% of all Russian patents are cited at
all.3

While the DID approach mitigates the potential omitted variable, the estimated average
treatment effect can still be biased if there exists an omitted variable (or a group of variables) that
varies by time and the patent type and affects patent citations. | perform sensitivity analysis to
assess the vulnerability of the average treatment effect to omitted variable bias and find the
robustness value to be rather low — in most specifications, the unobserved confounders (orthogonal
to the covariates) that explain more than one percent of the residual variance of both the treatment
and the outcome to reduce the absolute value of the effect size by 100. Hence, | supplement the
DID analysis by additionally comparing the quality of Russian patents to that of US patents. This
triple-difference approach eliminates the potential impact of omitted variable (or a group of such
variables) that could occur due to natural trends in technological development (Berck & Villas-
Boas, 2016; Olden & Mgen, 2020). The results of triple-difference estimation are consistent with
the conclusion that the average quality of nanotechnology patents decreased after the rise of
government funding for this technological field.

This study contributes, first, to the understanding of the effects of rent-seeking and
corruption on economic growth. In their book, Rowley et al. (2013) outline the different facets of
rent-seeking and its effect on the economy and politics. They argue that an incumbent maximizes

his or her chances to stay in power, as well as the amount of collected rents (Buchanan & Tullock,

3 A different measure of patent citations suggests a decrease of 1%. They are also less likely to obtain 10 or more
citations by 1%.
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1962; Downs, 1957; Peltzman, 1972). Appelbaum and Katz (1987) present an outlook in which
regulators endogenously set the rents and firms and consumers respond to rent-setting in a self-
motivated manner. Grundler and Potrafke (2019) investigate the effect of corruption on growth and
find that real per capita GDP decreased by approximately 17% when the reversed CPI increased by
one standard deviation. Treisman (2007) demonstrates that reported corruption experiences
correlate with lower development and possibly with dependence on fuel exports, lower trade
openness, and more intrusive regulations. This study illustrates how rent-seeking, associated with
the distribution of government R&D grants, can have a detrimental effect on the technology transfer
market.

Some scholars emphasize the mechanisms of international political economy in setting
industry standards (Mattli & Buthe, 2003) and enforcement of intellectual property rights (Shadlen
et al., 2005). However, others emphasize the role of domestic groups of interest. For instance,
Shadlen (2009) examines the impact of indigenous pharmaceutical capacities on the design of the
patent system in Brazil and Mexico.

This work is related to the investigation of the broader effects of government pro-R&D
policies on the economic development of countries. Azoulay et al. (2019) show that National
Institutes of Health (NIH) funding spurs the development of private-sector patents: A $10 million
boost in NIH funding spurred the development of private-sector patents and a net increase of 2.7
patents. Investigating data from Italy, Akcigit et al. (2018) found that government R&D subsidies
led to higher profits for politically-connected firms with no change in their efforts to produce new
technologies, indicating a legal monopoly on new technology derived from patents and protection
from competition due to political connections.

This studies draws on the body of literature focusing on corporate patenting activity. Patents
are a key measure of innovative activity output,* as they are the most important form of industrial

innovation protection. Schmookler (1953) pioneered the use of patent statistics for the assessment

4 Patents are strongly related to R&D across firms, with elasticity close to one, but controlling for unobserved
differences across firms, the elasticity is lower (approximately 0.3).
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of the rate of American inventing. Although, Lee and Walsh (2016) reveal a substantial innovative
activity outside R&D, this study focuses on the government’s decision to boost R&D activity.
Importantly, not all patents are created equal (Griliches, 1979; Frietsch et al., 2014; Nagaoka
et al., 2010; Zaller, 1992;), some represent superstar technologies responsible for substantial
technological breakthroughs, but are unutilized or uncited (Hall et al., 2005). Gilfillan (1960)

suggests that the necessity to differentiate patents by quality. Griliches’ (1979) work, the first large

sample work using computerized USPTO data, emphasizes the varied quality of patents and the
use of patent citations as an important adjustment criterion. Kwon et al. (2017) discuss the varying
qualities of patents registered at the USPTO in different countries. However, patent citations can
measure technological spillovers (Van Zeebroeck, 2011). Unlike other patent families, 95% of
Russian patents belong to private individuals and not companies; thus, a common mechanism of
citations as a measure of technology spillovers is less likely. In addition, a vanishingly small
number of Russian patents are also patented in other patent families, which would be an alternative
measure of patent quality (Svensson, 2020). Patenting outside of the Russian Patent Office is
relatively costly, as it requires not only greater patent application fees, but also the additional work
of patent attorneys and translators. A small fraction of Russian patents that are patented in other
patent families is unrepresentative. This does not assume that all patents fall in quality, but rather
that additional incentives produce cheap domestic patents that suffice for government grant
applications. Thus, this study is limited to patents in the Russian Patent Office. Moreover, patent
quality is also measured by patent renewal, which is highly correlated with commercialization
(Svensson, 2020). These data are not available for this study. Thus, the primary measure of patent
quality is forward citations (excluding self-citations).

While Woo et al. (2015) notes that sometimes a high number of patents is negatively
correlated with industry value-added, their explanation (blocked access to technology) does not
explain the extraordinary number of patents in some countries with low technological development.
This study finds that a more plausible explanation is that when government accountability is low,

patent efficiency becomes a poor indicator of the development of functional technology, and, under
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certain conditions, can stifle technological development.
The remainder of this paper is organized as follows. Section 2 offers a model of corrupt
patent promotion policy that accounts for such differences. Section 3 presents the background of

Russian R&D landscape and empirical analysis of R&D policy in Russia. Section 5 concludes.

2 Game-theoretic Model

This section introduces a model that examines the seemingly uncontroversial design of government
R&D policy which includes providing grants to researchers with more patents and can lead to both
welfare-improving (under good institutions) and welfare-reducing (under bad institutions)
consequences. In both cases, this policy design is compatible with the political incentives of the
incumbent. Under good institutions, such a policy mitigates the problem of under-investment that
arises due to positive externalities emerging from the creation of new technology. Under bad
institutions, it enables rent-seeking in patent markets, generating incentives to file cheap but empty
patents. Importantly, this is a general equilibrium model: the politician selects a policy, researchers

optimize their efforts, and then a competitive market determines the value of patents in the market.

2.1 Model Setup

The game model features two types of strategic players: a politician and researchers and non-
strategic profit-maximizing firms. Researchers differ depending on their talent: there are R of
talented researchers who can either produce a valuable innovation at a cost ¢ and produce a high-
quality patent, or choose to do nothing. There is also a pool of size 1 of non-talented researchers
who can imitate research; the idiosyncratic cost of producing a “lemon” for non-talented researcher
i is a;, uniformly distributed over [0,1]. These researchers can also choose to do nothing.
Generally, the politician cares about both the economic benefits obtained from the creation
of new technology and rents collected from sub-par patents. The controlling policy parameter that

the politician chooses is the level of bribe b to be paid by an author of a “lemon.” In equilibrium,



this choice determines the market price for a patent, and, thus, the incentive for talented researchers
to produce valuable innovations.

Making their individual decisions, all researchers observe the levels of bribe, b, and available
research grants, Tt If a talented researcher engages in patent production, the utility is UT(P) =  +
p — ¢, where T is the award, p is the market-determined price that can be received for selling a
patent, and c is the cost of research. Otherwise, the researcher receives 0.

If a non-talented researcher engages in patent production, the bribe, b, has to be paid to pass
as an expert with probability 1 —6, where 6 represents the quality of institutions. High 6
corresponds to strong institutions (a bad patent application has a low chance of being approved),
while low 6 proxies the weak ones. In this case, the utility of the non-talented researcher i is
UNT(P) = (m+ p)(1 — 8) — a;; otherwise, the researcher receives 0. Notably, the market cannot
determine the quality of an individual patent; the market price reflects, in equilibrium, the relative
shares of good and bad patents. Consequently, the non-talented researcher, after paying a bribe and
(possibly) passing as an expert, receives not only the award mt, but also the market price p.

Firms purchasing patents do not consider the quality of individual patents before purchasing
them. In equilibrium, they use the shares of high- and low-quality patents in the market to determine
the price p. Their expected value for high-quality patents is H > 0, and 0 for low-quality patents;
they are risk-neutral.

The utility function for the politician that cares both about the public welfare (amount of

innovation) and the rent extracted, is as follows:

UP = aRH + (1 — a)B,

where R is the total amount of research produced, H is the value of new technology for society, a
is the weight of economic development in politician’s utility, and B is the amount of bribes

collected from non-talented researchers.

2.2 Analysis



In this analysis, | focus on the case 0 < ¢ —m < H. The case, > c, describes the situation in
which the government prize is sufficiently large to solely induce talented researchers to innovate;
they exert great effort even without selling their patents on the market. Similarly, when the costs
of the effort, c, are prohibitively high, innovation cannot be incentivized by any policy.

Let A be the share of high-quality patents in the market. A firm purchases a patent if AH —
p = 0, such that the market for technology clears, as in the simplest version of Akerlof’s (1970)
“lemons” model, at price p = AH.

Suppose that b is the politician’s policy choice, the size of the bribe. Then, the number of

talented researchers R who engage in innovation is determined as follows:

R= 0, n+p) <c
B {{R}, m+p(B)=c

IfR = 0,p = 0 asfirms realize that there are no good patents in the market. Then the number of
low-quality patents on the market of technology is

P(m(l—6)—a)>b) =n(l —
) — b,

and the total amount of bribes is

B =b(n(1—-06)—>b)
The politician’s utility is U = (1 — a)b(t(1 — 0) — b), which is maximized at b, = %1‘[(1 —0),
which in turn yields UP(by) = ;1;1(1 — a)m?(1 — 0)2. When the market price for patents is 0, the
sole purpose of paying a bribe is receiving the award 7.

Suppose that R = R, that iis, talented researchers innovate. If the bribe is set at b, and the

market price is p, the number of low-quality patents in the market is
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P((n+p)(1— 0) —ai> b)
=@+p)(1-6)-b,

The price of the patent in the market is determined by the share of good patents applications in the

total pool

R
P = Emmaas @)

Let p(b) be a unique solution of (2) given the politician’s choice of b; the existence and
uniqueness of the equilibrium price follows the fact that the left-hand side of (2) is an increasing
function of p, and the right-hand side of (2) is decreasing in p. Naturally, the function p(b) depends
positively on b: the higher is the bribe that non-talented researchers pay for the opportunity to
receive a patent, the lower is the share of false patents, and, consequently, the higher is the price

that the market is ready to pay for a patented innovation.
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The total amount of bribes is

B =b((mr+p)(b)(1—6) —b).

Let b+, the optimal politician’s choice, be defined as

b* = b*(H,R,0) = argmax,s, {aﬁ +(1—a)b ((1‘[ +p(b))(1-6)— b)}
To demonstrate that there exists, for a certain natural range of parameters, an equilibrium, in
which talented researchers innovate and the market price is non-zero, | need to show that
m+p(b+) = cand Ur(b «) > Ur(bo), that is, the politician in equilibrium prefers innovation
by talented people to the situation whereby non-talented researchers pay bribes to receive state

funds and high-skill researchers do nothing.

Suppose that the bribe is set at the level b1 = (m + H)(1 — 0).Then, p(b1) = H,m +p = c by
assumption, and the politician’s utility isUr(b1) = aRH. Tt remains to choose parameters a, R, 6,

and H such that the following equation is satisfied:
UP(by) = aRH > U (b,) = %(1 —a)m2(1 — 0)2

By the definition of b+, we have Ur(b «) = Ur(b1). Thus, for the same set of parameters, Ur(b ) >

Ur(bo), and the following Proposition is proved.

Proposition 1: When the parameters, a, R, 8, and H’, are sufficiently large (exceed certain
thresholds), the politician prefers to set the optimal bribe at the level that makes, through the price
for patented innovation, the talented researchers to innovate.

The results for the Proposition are very intuitive. Strong incentives for innovation depend
positively on the politician’s interest in growth, a, total number of talented researchers, R, quality
of institutions that make it more difficult to patent a false invention, and extent of spillovers, H*.
When each of these parameters is sufficiently large, the market does not unravel. Consequently, an
increase in government funding may result in an increase in the total number of patents, an increase

in the number of good patents, and a fall in the share of good patents in the total pool.
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Proposition 2: If the prize that is independent of the market price, r, is high, then the optimal
choice is to have the bribe level at %n(l — 0), the market price of patents at 0, and
no innovation produced.

In other words, in a corrupt environment, there is a risk of overpaying for patents “lemons”

proliferate the market, which unravels. By contrast, when government grants are absent, the market

price for patents would be p = Hg = H as only high-quality pat;nts would be produced. The

number of patents produced would thus be p — c. If, = > 0, the number of patents produced
would be (1 — 0). Therefore, for 1 > p — c, the number of patents produced would be higher

than in the absence of government grants.

3 Empirical Analysis

In this Section, I illustrate the implications of Proposition 2 by focusing on Russia, characterized
by low government accountability and dramatic increase in investment in R&D since 2009. First,
| provide background information on government R&D policy in Russia and the Russian patent
systems. Then, | introduce data and the methods used in this study. Subsequently, the results at
patent class and patent levels are presented, and use US data to check the robustness of the main
results. Finally, | establish whether the decline in patent quality as measured by patent citations

leads to a reduction in technology purchases as measured by licenses.

3.1 Background

Russia presents an interesting case for investigating government policy on supporting innovation
(Frye, 2017; Wengle, 2015). Initially, after the collapse of the USSR, the funding toward supporting
innovation was largely absent, leading to shortages of lab supplies and months of unpaid wages
(Frye, 2000; Ganguli, 2017; Woodruff, 1999). In the early 2000s, observers considered Russia’s

science and technology as its “major untapped resource” (Gianella & Tompson, 2007; Sher, 2000).
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Scholars submit two main determinants of unsatisfactory innovative performance of the country:
weak demand for R&D in the economy and low government funding for R&D (Makarov
&Varshavsky, 2013). After 2007, the drastic increase in state investment and grant programs had
been targeting specific areas of research. For instance, various grant programs prioritized research
in spheres of nanotechnology and, more recently, age-related medical research. In 2007, the
Russian government established a government-owned joint-stock $10 billion Private Equity and
Venture Capital Evergreen Fund called Rusnano aimed at commercializing developments in
nanotechnology and another conglomerate established in 2007, called Rostec, specializing in
strategically important companies, mainly in the defense industry. Other sources of government
funding, such as the Russian Fund for Basic Research, prioritize nanotechnology.

In many instances, obtaining a patent was sufficient to claim the successful completion of a
project undertaken with government funding. Thus, researchers in the field of nanotechnology were
incentivized to produce more patents. | argue that this has led to a disproportionate decline in patent
quality and value in this field compared with that in others. Sometimes, the nature of the patent and
its practical usage can be inferred from the title: US 6368227 patents a “Method of swinging a swing”
and US 604596 is “On the method of applying a peanut butter and jelly sandwich.” Arutyunov (2008)
summarized patent names and associated technological problems (see Table A-2). A useless Russian
patent is typically disguised as something that appears genuine to nonspecialists. The Russian
patenting agency patentum.ru® states that performing a patent search and filing an actual claim costs
145 thousand rubles (approximately $2500), which is costly, excluding the mandatory filing fee. This
is approximately five times the average monthly wage in Russia.

Nonetheless, 98% of Russian patents filed after 1996 were never cited, and only 0.02% of

Russian patents have 10 citations or more. The time lag between patent publication and its first
citation is uncommonly high even for those patents that were cited (after six years) compared to

usual lag in OECD patents (after three years). The technology transfer market using patents is

5 https://patentus.ru/sroki-i-tzeny/patentovanie-izobreteniy/
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almost absent, and more than 90% of Russian patents are held by individuals, and not companies.
Why would a researcher file a patent that would likely never be licensed or sold, but appears
scientific to a non-specialist?

One potential use of such patents is to signal the researcher’s competence. Government
scientific agencies (RFBR, etc.) determine whether to finance innovative projects through a grant
based on several factors, including, most importantly, the number of patents and publications
submitted by the researcher. While it is costly to establish the quality of a complex research,
governments often rely on patenting criteria: novelty, inventive step, and applicability. The
existence of a patent does not guarantee that these criteria are met. Nonetheless, the researcher is
evaluated not on the basis of true patent quality, but by the mere quantity of obtained patents.

Indeed, the relative importance of patents and publications obtained by the researcher in

grant application is high, accounting for 45% of the score a researcher receives during project
evaluation. Thus, the costs of increasing one’s chances of receiving a government grant decline as
the sum of costs of patenting and the costs of research converge to merely the costs of patenting.
This gives researchers the incentive to file low-quality patents and, hence, increases the share of
low-quality patents in the pool of Russian patents. Majority of Russian patents are only filed in the
Russian Patent Office, as shown in the Appendix (WIPO, 2018), as they are only intended for
domestic use, which is surprising given that the Russian technology market is relatively small. For
example, 50% of Swedish patents are filed in two offices or more. Such patents can be used as a
main result of the research financed by the government grants, providing the researchers with an

opportunity to forgo the actual innovative activity.

3.2 Data and Methods

| use the complete list of Russian patents for the 1998-2016 period, including patent classification,
year of patent application and patent grant, and number of forward-citations. Unfortunately, there
is no readily-available indicator denoting whether the patent covers nanotechnology-related

technology. Thus, I rely on two approaches to identify such patents.
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| rely on the pre-existing classification of Russian five-letter patent classes. | denote the
dummy variable, nano, taking the value 1 if patent belongs to nanotechnology-related field.® For
patent-level DID specification, I complement this approach with another measure and compile a
dictionary of “nanotechnology-related” terms. Then, | identify the presence of such words in the
title of a patent. | denote the dummy variable, nano_text, as equal to 1 if patent name contains at
least one nanotechnology-related term and 0 otherwise.

Figure A-3 of the Appendix presents the histogram of patent applications in the 1998-2015

period. Colors represent the patent section in International Patent Classification, the broadest
definition of the patent field.’

Figure A-4 presents the distribution of Russian patents over 1998-2016 by status
(nanotechnology or not) and citations (cited within the first four years since publication or not).
Table A-1 presents a summary of the number of granted patents, as well as the number of citations
by nanotechnology status and application year. Evidently, patenting increased sharply since the
onset of the program, with nanotechnology-related applications affected to a higher degree. The
number of cited nanotechnology patents increased in the first year, compared to pre-treatment
period, consistent with the fact that incentives to file nanotechnology-related patents mechanically
creates a push to cite existing patents in the same area as part of the filing process. However, the

share of cited patents declined in the nanotechnology field.

3.3 Patent class-level analysis: trajectory balancing approach

| explore the policy change in the provision of R&D funding in 2008 that provided large grants to

researchers in the nanotechnology field. Using patent classification, | determine the research-based

66B82B1/00, B82B3/00, B82B10/00, B82B20/00, B82B30/00, B82B40/00, B82C5/00, B82C15/00, B82C20/00,
B82C25/00, B82C30/00, B82C35/00, B82C99/00, B82C, 619/51, B05D1/00, 0131/02, GO1B 1/00-15/00, GO1N 13/10-
13/24, GO2F 1/017, G12B 21/00-21/24, HO1F 10/32, HO1F 41/30, HO1L 29/775.

" Figure A-3 shows that the number of patent applications increased after the announcement of large- scale government
R&D funding. This growth was particularly large in sections B (performing operations), C (chemistry), and G
(physics). These are the sections most likely to contain nanotechnology-related patents and, therefore, are eligible for
additional government support. Similar growth in nanotechnology-related patent applications is noticeable using the
dictionary-based approach, as demonstrated in Table ?? of the Appendix.



patent filings that were eligible for government support. Then, |1 employ kernel-based trajectory
balancing approach (Hazlett & Xu, 2018) to demonstrate that the average quality of patents eligible

for government grants dropped after the onset of government R&D programs compared to patents

in fields in which government support for innovation was less pronounced. This is a version of
synthetic control that reweights the control units such that the averages of the pre-treatment
outcomes are approximately equal between the treatment and (reweighted) control groups. A great
advantage of trajectory balancing is that it tolerates time-varying confounders affecting
government R&D programs, propensity of researchers to produce patents, and quality of patents
as measured by the number of citations.

| compare the number of patent applications in nanotechnology-related patent classes with
the number of patent applications in non-nanotechnology patent classes in the same year. | repeat
the same analysis for the total number of citations and average number of citations in patent classes.

Intuitively, this method can be understood as follows: assume that both the outcome (number
of patent application, total number of citations, and average number of citations per patent) and a
treatment (R&D funding) depend on omitted time-varying variables as well as some fixed
variables. After identifying and applying such a weighting to the control units such that their pre-
treatment trend matches the trend of the treated unit, the unobserved confounders are automatically
adjusted for.

The weights applied to the control units follow the formula:

. Z (Yipre) = Z wi & (Yipre)

Gi=

For the control group, ¥.¢.—ow; = 1,w; > 0. The choice of ¢ is achieved with a Gaussian
2
kernel k(1. 1;) = exp (=||%; = %[ /1)

Then, under a set of general assumptions, the Average Treatment Effect on the treated is
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calculated as follows:

A’T?kziZY- —ZW-Y-
t it i tit
N"G-:1 Gi=0

For the empirical analysis, | estimate the equivalent of the following equation:

2016
Y;e = a + By Nano; + Z ['(Year; X Nano;) + X,y + €;;
t=1998
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where Y is an outcome defined for the patent class i in year t. The key outcomes are the number of patent
applications, total number of citations, and average number of citations per patent. Nano is an indicator
for the patent class i related to nanotechnology. It equals 1 if patent class i is considered nanotech and 0
otherwise. Thus, the resulting coefficients of interest are given by vector I', expected to be 0 before and
including 2008 and have a substantive interpretation after 2009.

First, 1 examine the impact of government funding on the number of patent applications in
different patent classes.

Figure 1a illustrates the average treatment effect of government funding in nanotech-related
patent classes versus other patent classes. Figure 1b shows that the exact matching on the pre-treatment
outcomes was achieved successfully. Figure 1c shows the balance on mean pre-treatment outcomes
pre- and post-adjustment. The number of patents are observed to increase in response to increased
government R&D funding.

Next, the impact of government funding on the raw number of citations in different patent classes
is examined. The total number of citations is essential in indicating a definite decline in patent quality
and not just the mechanical change in the probability of being cited due to the increased number of
patents. Figure 2a reveals that there is a decline in the number of citations in all patents over time, and
as expected, older patents have more time to get cited. However, the exact match on pre-treatment
outcome guarantees that this effect does not impact causal estimation: the number of citations in
nanotechnology-related patent classes declines relative to other patent classes.

Finally, Figure 3a depicts the results of trajectory balancing estimation for the average number
of citations per patent in treatment and control patent classes. As before, the balance on pre-treatment
outcomes is achieved successfully, allowing causal conclusions. The Average Treatment effect on the
Treated is -0.016, suggesting that each patent in nanotechnology-related patent classes receives 1.6%
fewer citations compared to patents in non-nanotechnology-related patent classes. The magnitude of
the effect is sizable, considering that only 2% of Russian patents are cited at least once. Tables A-3, A-

4, and A-5 present the result of estimation, including pre-treatment periods.

19



3.4 Patent-level analysis: difference in differences (DID) approach

The trajectory balancing approach must be performed on a balanced panel of observations. However,
patents are granted or expire in such a way as to make such analysis difficult. Therefore, | resort to
traditional DID analysis for the patent- level data. In addition to designating a patent to be
nanotechnology-related if it is in a nanotechnology-related patent class, 1 compile a dictionary of
nanotechnology-related terms. Then, | identify the presence of such words in the title of a patent. I
represent the dummy variable nano_text as equal to 1 if a patent name contains at least one
nanotechnology- related term and O otherwise.

The non-nanotechnology patents serve as a control group as they are less likely to receive
government support. Treatment period € 0, 1 is 0 before the onset of a massive campaign to support
innovation in nanotechnology in 2008 and 1 after the onset of a program.

Equation 5 provides the details of the estimation.

Yit= programt+ nanoi+ nanoi * programt+ patent.classit + €it, (5)

The treatment variables are as follows: programtis an indicator variable, denoting whether the
government program subsidizing researchers in the field of nanotechnology was present in the year the
patent was obtained; nanoi is an indicator variable that shows whether the patent is categorized as
nanotechnology.

As less than 2% of Russian patents are cited, | focus on the following measures of citations:
citations1 isadummy variable that takes the value 1 if the patent received at least 1 citation by
2016 and 0 otherwise. citations10 is a dummy variable that takes the value 1 if the patent received at
least 10 citations by 2016 O otherwise.

Control variables: To account for the fact that older patents have more time to be cited, I include
year of publication as a control variable. Additionally, by including fixed effects of the first three letters
of patent classification, | account for the fact that patents in some fields are more likely to be cited than
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in others.

As in any DID analysis, | rely on a parallel trends assumption. Figure A-5 illustrates trends for
mean age-adjusted patent citations over the first five years of patent existence. Nanotechnology patents
are identified via dictionary-based and class-based approaches. Both dictionary-based and class-based
classifications suggest that the decline in patent citations was more pronounced in classes receiving
greater government support in nanotechnology-related classes.

Table 1 demonstrates the decline in the probability of being cited for nanotechnology patents
during years of additional government support for nanotechnology compared with other fields without
similar support.

Specifically, a dictionary-based approach suggests a 4.6% decline in the probability of being
cited at least once by 2016 for nanotechnology-related patents owing to increased government support.
A classification-based approach suggests a 1% decline in the probability of being cited by 2016. These
results are robust for the two ways of classifying patents: text analysis of the patent name or the five-
letter patent class it belongs to.

Omitted variable bias can seriously impact any analysis of social phenomena. A DID approach
relies on a parallel trends assumption to mitigate the effects of extraneous factors and selection bias,
but it can still be subject to the omitted variable bias. There are multiple approaches to sensitivity
analysis (Blackwell, 2014; Dorie et al., 2016; Frank et al., 2013; Heckman et al., 1998; Hosman et al.,
2010; Imai et al., 2010; Imbens, 2003; Middleton et al., 2016; Rosenbaum & Rubin, 1983;
VanderWeele & Arah, 2011). I choose the approach of Cinelli and Hazlett (2020) for the following
reasons. First, it relaxes some strong assumptions required for the majority of these methods. Second,
it provides readily-available statistics that illustrate the sensitivity of the analysis to omitted variable
bias.

Cinelli and Hazlett (2020) suggested an approach to quantify the confounding that nullifies the
observed regression results. To this end, I report the “robustness value” measure of sensitivity that
illustrates the overall robustness of a coefficient to unobserved confounding. If the confounders’

association to the treatment and the outcome (measured in terms of partial R2) are both assumed to be
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less than the robustness value, then such confounders cannot “explain away” the observed effect. This
measure is a function of the estimate’s t-value and the degree of freedom.

Omitted variable bias can be decomposed as follows (Cinelli & Hazlett, 2020):

|Ea\s| = se(a}\/

Ry.zix,p2r

AL (df)

1- RD~Z|X2

where se(a} is the standard error of the main coefficient of interest @, Y is the outcome of interest, D is
the main explanatory variable, X is a vector of covariates, Z is the omitted variable, and df is the degree
of freedom of the regression.

The absolute value of the bias thus depends on the strepgth,¢f association of the outcome with

the omitted variable (measured by the partial R?: R? and on the strefith of association of the

Y~Z|X,D
main explanatory variable with the omitted variable (R2D~Z|X ).

An intuitive way to interpret the results is by comparing them to the observed variables. The core
assumption here is that confounding explains less of the residual variation in the treatment and outcome
than of the observed covariate.

Publication year is chosen as the strongest predictor of citations received by the patent given that
there is a strong positive relationship between the age of the patent and its forward citations. The

robustness values for the four main models are reported in Table 1.

For Model 1, unobserved confounders (orthogonal to the covariates) that explain more than 0.62

% of the residual variances of both the treatment and outcome are suffieient to reduce the absolute
value of the effect size by 100 %. Conversely, unobserved confounders that do not explain more than
0.62 % of the residual variance of both the treatment and outcome are not sufficiently strong to reduce
the absolute value of the effect size by 100%. Similarly, unobserved confounders should explain at
least 0.36 %, 0.49 %, and 0.49 % of the residual variances of both the treatment and outcome in Models
2-4, respectively, to reduce the absolute value of the effect size by 100 %. The observed robustness
values are relatively low, yet the citation data of Russian patents exhibit rare event characteristics,
meaning that the predictive power of most variables would be relatively low. Benchmarking the effect
of the DID coefficient against the publication year suggests that omitted variable is at least three times

as influential as it reduces the effect to O (Figure A-2).
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Table A-6 presents similar results for age-adjusted patents. The outcome variable is the number
of citations received by patent i by year t, divided by the number of years since patent publication. The
results suggest that disproportional government support of nanotechnology-related patents had a
negative effect on their quality.

Class-based nanotechnology classification is negative and significant, suggesting that a 7%
decline in the probability of being cited (adjusted for patent age) is negative and statistically significant,
but is still sensitive to omitted variable bias. Unobserved confounders (orthogonal to the covariates)
that explain more than 0.18% of the residual variances of both the treatment and outcome are sufficient
to reduce the absolute value of the effect size by 100 % at the 0.05 significance level. Conversely,
unobserved confounders that do not explain more than 0.18 % of the residual variance of both the
treatment and the probability of being cited are not sufficiently strong to reduce the absolute value of
the effect size by 100 % at the 0.05 significance level. Benchmarking the effect of the DID coefficient
against the publication year suggests that omitted variable is at least as influential as it reduces the effect
to O (Figure A-1).

The aforementioned DID approach measures the effect of government funding on patent citations
in the treated group (nanotechnology), relative to changes in the patent citations in the control group
(other patents). However, it has high sensitivity to omitted variable bias. For instance, new and growing
fields, such as nanotechnology, can exhibit different patterns of development, compared to more
established fields.® Thus, a time-varying confounder that behaves differently across nanotechnology

and non-nanotechnology patent fields can be employed. A time-varying confounder that is not class-

invariant violates the common trend assumption of DID. | address this problem with a DDD design,
using Russian and US patent data. The assumption is that nanotechnology patents in both countries are
exposed to time-varying confounders related to the relative novelty of the field, but the US patents are
not influenced by the Russian policy aimed at nanotechnology funding. | employ the pre-existing

classification of patent classes that are more likely to include nanotechnology patents for the

8 Nanotechnology became a specialized field in the 1980s after two major breakthroughs: the invention of the scanning

tunneling microscope in 1981, which provided unprecedented visualization of individual atoms and bonds, and the

discovery of fullerenes in 1985. Nanotechnology-related patent classification—Class 977—was created in January 2011.
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construction of the Explanatory Variable. | denote the dummy variable, nano, taking the value of 1 if
the patent belongs to a nanotechnology-related field.

The results of the triple-difference estimation are presented in Table A-7. They suggest that after
the implementation of government support for nanotechnology in Russia, the patents in this area
received fewer total citations; few had at least 10 citations. Meanwhile, the probability of Russian
nanotechnology patents receiving at least one citation increased compared to US patents. This may
reflect the fact that when applying for a patent, researchers are expected to cite existing relevant patents.

These results serve as an additional robustness check for the main results. I demonstrate that both
quality (measured by citations) and market attractiveness (measured by licenses) of nanotechnology-
related patents declined in the aftermath of government support for innovation in this field. There are
possible alternative explanations for these results. First, if government support triggers growth in
fundamental research, companies may become interested in the resulting technologies later on, whereas
the present-day positive impact on licensing could be negative. However, this hypothesis fails to explain
the decline in patent quality as the comparison is drawn between patents of the same publication year.
Nonetheless, government support for RD should prompt the increase in citations as patenting requires
citing relevant research. Thus, citations in the affected fields should not decline, especially if
government agencies highlight the importance of patenting for both selection of grantees and successful
completion of the grant contract. For instance, Azoulay et al. (2019) show that NIH funding by the
United States government spurs the development of private-sector patents that cite NIH-funded
research.

A second alternative explanation is that government funding of nanotechnology patents became
effective when nanotechnology research experienced a decline and the patents in the field became less
cited. This conjecture is unlikely to hold as an examination of citation trends of nanotechnology and
other patent citations suggests that the parallel trend assumption is true for the pre-treatment period. A
fundamental change in the year when the government policy took effect, but independent of this policy,
may be surmised. However, the analysis of the triple-difference model, including US patents, suggests

that no such change occurred or that it was Russia-specific.
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3.5 Government R&D support and licensing

Furthermore, | investigate whether the decline in patent quality as measured by patent citations led to
areduction in technology purchases (measured by licenses). Licensing is one of the most common ways
of technology transfer and, thus, reflects the changes in the patent market. As licensing data are not
readily available for Russian patents, | rely on government- compiled reports, which provide the
number of licenses of nanotechnology and non-nanotechnology patents. However, these data are
limited: the exact patent class or any other unit-level information cannot be observed and I collect data
only for a limited span of time, from 2000 to 2011. Thus, these results can only serve as illustrative
evidence.

Figure 4 indicates that nanotechnology patents affected by government policy receive fewer
licenses compared to those during post-policy implementation, and this decline is especially
pronounced when compared to the increase in licensing of non-nanotechnology patents.

If the average quality of Russia declines, thereby reducing the price of technology transfer to
companies, inventors move to other patent offices. An illustrative example (Figure 5) uses data on
foreign patents filed in USPTO. “Average Foreign" represents the total number of foreign patents filed
in USPTO divided by the number of countries that filed patents in USPTO office in a year. USPTO
patents for Russia are compared with select post-soviet countries. It suggests that soon after the onset
of government R&D funding, the number of Russia patents filed in USPTO increased dramatically.
There was no comparable jump in USPTO patents for other post-soviet countries. This observation
does not contradict the view that the deterioration of average patent quality in USPTO for Russia pushed

inventors to file patents in other patent offices.

4 Limitations and Further Research
This study has several limitations. First, it focuses on the Russian patent system, which has

unique aspects that differ from global standards, such as a high percentage of patents held by individuals
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rather than companies and a relatively low rate of patent citations. These differences could influence
the behavior of patent applicants and the interpretation of patent metrics in Russia. Moreover, while the
model presented in this paper covers both countries with strong and weak institutions, the empirical
investigation focuses only on the latter. The empirical findings are based on the specific context of
Russia, a country with weak institutions and high levels of corruption. Therefore, the unique political
and economic environment in Russia may limit the generalizability of the findings to other contexts.
Second, this study focuses on a specific period (1998-2016) and may not capture longer-term
trends or the evolving impact of government RD policies on patent quality. Changes in political
leadership, economic conditions, and global technological trends could affect the relevance and
applicability of the findings over time. Another possible concern is the use of forward citations as a
proxy for patent quality. Forward citations may not accurately reflect the true value or impact of a
patent, as they can be influenced by various factors such as strategic citing, differences in citation
practices across industries, and changes in the patenting landscape over time. Additionally, the
exclusion of patent renewal and family-size data may affect the robustness of the findings as these are
critical indicators of a patent’s long-term value and international relevance. Future research could
extend the analysis presented in this paper by exploring similar dynamics in other countries with
varying levels of institutional quality and corruption. Comparative studies could provide valuable
insights into the conditions under which government RD funding effectively promotes high-quality
innovation. Additionally, longitudinal studies could examine the long-term effects of government
support on technological development and economic growth, shedding light on the sustainability and

broader implications of such policies.

5 Conclusion

While government R&D funding is intended to spur technological development and economic growth,
it can lead to unintended consequences, such as the proliferation of low-quality patents, in contexts with

high levels of corruption. This paradox is particularly evident in the case of Russia, where increased
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government support for nanotechnology resulted in a higher number of patent applications but a decline
in the average quality of these patents.

In weaky institutionalized environments, political incentives and rent-seeking behaviors can
distort the outcomes of government innovation policies. Bureaucrats may prioritize the quantity of
patents over quality to meet performance metrics, extract rents, or signal competence. This creates a
perverse incentive for researchers to file low-quality patents, undermining the overall effectiveness of
government R&D support.

| document the wide discrepancies in the impact of government funding on the creation of
patented technologies and demonstrate that countries with higher levels of corruption have a greater
patenting efficiency, but this does not translate into actual technological development. This study’s
game-theory model presented in the study provides a plausible explanation for this phenomenon. |
suggest a mechanism that explains how corruption in the public sector creates incentives for polluting
the technology market with fake patents and leading to the creation of the "lemons” problem in the
technology market. Furthermore, | employ trajectory balancing and a DID approaches in the context of
Russian government policy to support nanotechnology. | demonstrate how government support for
innovation can reduce the overall quality of patents in the field that is eligible for such support. These
findings help to reconcile various findings regarding the efficiency of government innovation policies
in different countries by incorporating political incentives and institutional quality into policy analysis.
Furthermore, they provide a theoretical background for evaluating the impact of political incentives for

investing in the creation of new technologies in the technological development of countries.

27



References

Abbas, A., Avdic, A., Xiaobao, P., Hasan, M. M., & Ming, W. (2019). University-government
collaboration for the generation and commercialization of new knowledge for use in industry.
Journal of Innovation and Knowledge, 4(1), 23-31. https://doi.org/10.1016/j.jik.2018.03.002.

Acemoglu, D., Akcigit, U., Alp, H., Bloom, N., & Kerr, W. (2018). Innovation, reallocation, and
growth. American Economic Review, 108(11), 3450-3491.
https://doi.org/10.1257/aer.20130470.

Acemoglu, D., Johnson, S., & Robinson, J. A. (2005). Institutions as a fundamental cause of long-run
growth. In Handbook of economic growth 1, 385-472, 385-472. https://doi.org/10.1016/S1574-
0684(05)01006-3.

Acemoglu, D., & Robinson, J. A. (2006). Economic backwardness in political perspective. American
Political Science Review, 100(1), 115-131. https://doi.org/10.1017/S0003055406062046.

Aghion, P., Howitt, P., Brant-Collett, M., & Garcia-Pefialosa, C. (1998). Endogenous growth theory.
MIT Press.

Aghmiuni, S. K., Siyal, S., Wang, Q., & Duan, Y. (2020). Assessment of factors affecting innovation
policy in biotechnology. Journal of Innovation and Knowledge, 5(3), 180—190.
https://doi.org/10.1016/j.jik.2019.10.002.

Akcigit, U., Baslandze, S., & Lotti, F. (2018). Connecting to power: Political connections, innovation,
and firm dynamics [National Bureau of Economic Research working paper]. Econometrica,
91(2), 529-564. https://doi.org/10.3982/ECTA18338.

Akerlof, G. A. (1970). The Market for “Lemons”: Quality uncertainty and the market mechanism.
Quarterly Journal of Economics, 84(3), 488-500. https://doi.org/10.2307/1879431.

Appelbaum, E., & Katz, E. (1987). Seeking rents by setting rents: The political economy of rent
seeking. Economic Journal, 97(387), 685-699. https://doi.org/10.2307/2232930.

Arutyunov, V. (2008). About one tendency in domestic patent literature. Catalysis in chemical and
petrochemical industry.

Audretsch, D. B., & Feldman, M. P. (1996). R&D spillovers and the geography of innovation and
production. American Economic Review, 86(3), 630-640.

Azoulay, P., Graff Zivin, J. S., Li, D., & Sampat, B. N. (2019). Public R&D investments and private-
sector patenting: Evidence from NIH funding Rules. Review of Economic Studies, 86(1)(June

28


https://doi.org/10.1016/j.jik.2018.03.002
https://doi.org/10.1257/aer.20130470
https://doi.org/10.1016/S1574-0684(05)01006-3
https://doi.org/10.1016/S1574-0684(05)01006-3
https://doi.org/10.1017/S0003055406062046
https://doi.org/10.1016/j.jik.2019.10.002
https://doi.org/10.3982/ECTA18338
https://doi.org/10.2307/1879431
https://doi.org/10.2307/2232930

2018), 117-152. https://doi.org/10.1093/restud/rdy034.

Babina, T., He, A. X,, Howell, S. T., Perlman, E. R., & Staudt, J. (2023). Cutting the innovation engine:
how federal funding shocks affect university patenting, entrepreneurship, and publications. The
Quarterly Journal of Economics, 138(2), 895-954.

Berck, P., & Villas-Boas, S. B. (2016). A note on the triple difference in economic models. Applied
Economics Letters, 23(4), 239-242. https://doi.org/10.1080/13504851.2015.1068912.

Blackwell, M. (2014). A selection bias approach to sensitivity analysis for causal effects. Political
Analysis, 22(2), 169-182. https://doi.org/10.1093/pan/mpt006.

Bloom, N., Schankerman, M., & Van Reenen, J. (2013). Identifying technology spillovers and product
market rivalry. Econometrica, 81(4), 1347-1393. https://doi.org/10.3982/ECTA9466.

Bloom, N., Van Reenen, J., & Williams, H. (2019). A toolkit of policies to promote innovation. Journal
of Economic Perspectives, 33(3), 163-184. https://doi.org/10.1257/jep.33.3.163.

Buchanan, J. M., & Tullock, G. (1962). The calculus of consent: Logical foundations of constitutional
democracy, (Vol. 3). University of Michigan Press.

Burguet, R. (2017). Procurement design with corruption. American Economic Journal:
Microeconomics, 9(2), 315-341. https://doi.org/10.1257/mic.20150105.

Celentani, M., & Ganuza, J. J. (2002). Corruption and competition in procurement. European Economic
Review, 46(7), 1273-1303. https://doi.org/10.1016/S0014-2921(01)00147-7.

Cinelli, C., & Hazlett, C. (2020). Making sense of sensitivity: Extending omitted variable bias. Journal
of the Royal Statistical Society Series B, 82(1), 39-67. https://doi.org/10.1111/rssh.12348.

Dorie, V., Harada, M., Carnegie, N. B., & Hill, J. (2016). A flexible, interpretable framework for
assessing sensitivity to unmeasured confounding. Statistics in Medicine, 35(20), 3453-3470.
https://doi.org/10.1002/sim.6973.

Downs, A. (1957). An economic theory of political action in a democracy. Journal of Political
Economy, 65(2), 135-150. https://doi.org/10.1086/257897.

Fieldhouse, A. J., & Mertens, K. (2023). The Returns to Government R&D: Evidence from US
Appropriations Shocks. Federal Reserve Bank of Dallas, Research Department.

Frakes, M. D., & Wasserman, M. F. (2015). Does the US Patent and Trademark Office grant too many
bad patents: Evidence from a quasi-experiment. Stan. Law Review, 67, 613.

Frakes, M. D., & Wasserman, M. F. (2017). Is the time allocated to review patent applications inducing
examiners to grant invalid patents? Evidence from microlevel application data. Review of

29


https://doi.org/10.1093/restud/rdy034
https://doi.org/10.1080/13504851.2015.1068912
https://doi.org/10.1093/pan/mpt006
https://doi.org/10.3982/ECTA9466
https://doi.org/10.1257/jep.33.3.163
https://doi.org/10.1257/mic.20150105
https://doi.org/10.1016/S0014-2921(01)00147-7
https://doi.org/10.1111/rssb.12348
https://doi.org/10.1002/sim.6973
https://doi.org/10.1086/257897

Economics and Statistics, 99(3), 550-563. https://doi.org/10.1162/REST_a_00605.

Frakes, M. D., & Wasserman, M. F. (2020). Procrastination at the patent office? Journal of Public
Economics, 183, 104140. https://doi.org/10.1016/j.jpubeco.2020.104140.

Frank, K. A., Maroulis, S. J., Duong, M. Q., & Kelcey, B. M. (2013). What would it take to change an
inference? Using Rubin’s causal model to interpret the robustness of causal inferences.
Educational Evaluation and Policy Analysis, 35(4), 437-460.
https://doi.org/10.3102/0162373713493129.

Frietsch, R., Neuhdusler, P., Jung, T., & Van Looy, B. (2014). Patent indicators for macroeconomic
growth—The value of patents estimated by export volume. Technovation, 34(9), 546-558.
https://doi.org/10.1016/j.technovation.2014.05.007.

Frye, T. (2000). Brokers and bureaucrats: Building market institutions in Russia. University of
Michigan Press.

Frye, T. (2017). Property rights and property wrongs: How power, institutions, and norms shape
economic conflict in Russia. Cambridge University Press.

Ganguli, 1. (2017). Saving Soviet science: The impact of grants when government R&D funding
disappears. American Economic Journal: Applied Economics, 9(2), 165-201.
https://doi.org/10.1257/app.20160180.

Gans-Morse, J. (2017). Property rights in post-Soviet Russia. Cambridge University Press.

Gianella, C., & Tompson, W. (2007). Stimulating innovation in Russia: The role of institutions and
policies. OECD economics department working papers pp. 1-47.

Gilfillan, S. C. (1960). An attempt to measure the rise of American inventing and the decline of
patenting. Technology and Culture, 1(3), 201-214. https://doi.org/10.2307/3101388.

Griliches, Z. (1979). Issues in assessing the contribution of research and development to productivity
growth. Bell Journal of Economics, 10(1), 92-116. https://doi.org/10.2307/3003321.

Griliches, Z. (1992). The search for R&D spillovers [National Bureau of Economic Research working
paper series]. Scandinavian Journal of Economics, 94, (w3768).
https://doi.org/10.2307/3440244.

Grundler, K., & Potrafke, N. (2019). Corruption and economic growth: New empirical evidence.
European Journal of Political Economy, 60, 101810.
https://doi.org/10.1016/j.ejpoleco.2019.08.001.

Hall, B. H., Jaffe, A. B., & Trajtenberg, M. (2005). Market value and patent citations. RAND Journal of

30


https://doi.org/10.1162/REST_a_00605
https://doi.org/10.1016/j.jpubeco.2020.104140
https://doi.org/10.3102/0162373713493129
https://doi.org/10.1016/j.technovation.2014.05.007
https://doi.org/10.1257/app.20160180
https://doi.org/10.2307/3101388
https://doi.org/10.2307/3003321
https://doi.org/10.2307/3440244
https://doi.org/10.1016/j.ejpoleco.2019.08.001

Economics, 36(1), 16-38.

Hazlett, C., & Xu, Y. (2018). Trajectory balancing: A general reweighting approach to causal inference
with time-series cross-sectional data. Available at SSRN 3214231. SSRN Electronic Journal.
https://doi.org/10.2139/ssrn.3214231.

Heckman, J. J., Ichimura, H., Smith, J. A., & Todd, P. E. (1998). Characterizing selection bias using
experimental data [National Bureau of Economic Research working paper]. Econometrica,
66(5). https://doi.org/10.2307/2999630.

Hosman, C. A., Hansen, B. B., & Holland, P. W. (2010). The sensitivity of linear regression
coefficients’ confidence limits to the omission of a confounder. Annals of Applied Statistics,
4(2), 849-870. https://doi.org/10.1214/09-A0AS315.

Imai, K., Keele, L., & Yamamoto, T. (2010). Identification, inference and sensitivity analysis for causal
mediation effects. Statistical Science, 25(1), 51-71. https://doi.org/10.1214/10-STS321.

Imbens, G. W. (2003). Sensitivity to exogeneity assumptions in program evaluation. American
Economic Review, 93(2), 126-132. https://doi.org/10.1257/000282803321946921.

Jaffe, A. B. (1986). Technological opportunity and spillovers of R&D: Evidence from firms’ patents,
profits and market value [National Bureau of Economic Research working paper].

Keefer, P., & Knack, S. (1997). Why don’t poor countries catch up? A cross- national test of an
institutional explanation. Economic Inquiry, 35(3), 590-602. https://doi.org/10.1111/j.1465-
7295.1997.tb02035.x.

Kwon, S., Lee, J., & Lee, S. (2017). International trends in technological progress: Evidence from
patent citations, 1980-2011. Economic Journal, 127(605), F50-F70.
https://doi.org/10.1111/eco0j.12314.

Lamberova, N. (2021). The puzzling politics of R&D: Signaling competence through risky projects.
Journal of Comparative Economics, 49(3), 801-818. https://doi.org/10.1016/j.jce.2021.01.002.

Lee, Y. N., & Walsh, J. P. (2016). Inventing while you work: Knowledge, non-R&D learning and
innovation. Research Policy, 45(1), 345-359. https://doi.org/10.1016/j.respol.2015.09.009.

Makarov, V., & Varshavsky, A. (2013). Science, high-tech industries, and innovation. In A. Michael, &
S. Weber (Eds.), The Oxford handbook of the Russian economy. Oxford University Press.

Markus, S. Property, predation, and protection: Piranha capitalism in Russia and Ukraine (p. 2016).
Cambridge University Press.

Mattli, W., & Buthe, T. (2003). Setting international standards: Technological rationality or primacy of

31


https://doi.org/10.2139/ssrn.3214231
https://doi.org/10.2307/2999630
https://doi.org/10.1214/09-AOAS315
https://doi.org/10.1214/10-STS321
https://doi.org/10.1257/000282803321946921
https://doi.org/10.1111/j.1465-7295.1997.tb02035.x
https://doi.org/10.1111/j.1465-7295.1997.tb02035.x
https://doi.org/10.1111/ecoj.12314
https://doi.org/10.1016/j.jce.2021.01.002
https://doi.org/10.1016/j.respol.2015.09.009

power? World Politics, 56(1), 1-42. https://doi.org/10.1353/wp.2004.0006.

Middleton, J. A., Scott, M. A., Diakow, R., & Hill, J. L. (2016). Bias amplification and bias unmasking.
Political Analysis, 24(3), 307-323. https://doi.org/10.1093/pan/mpw015.

Nagaoka, S., Motohashi, K., & Goto, A. (2010). Patent statistics as an innovation indicator. In
Handbook of the Economics of Innovation. Elsevier, 2, 1083-1127.
https://doi.org/10.1016/S0169-7218(10)02009-5.

Olden, A., & Mgen, J. (2020/1). The Triple difference estimator [NHH Dept. of Business and
Management Science discussion paper] (p. 2020).

Oster, E. (2019). Unobservable selection and coefficient stability: Theory and evidence. Journal of
Business and Economic Statistics, 37(2), 187-204.
https://doi.org/10.1080/07350015.2016.1227711.

Peltzman, S. (1972). The costs of competition: An appraisal of the Hunt Commission Report:
Comment. Journal of Money, Credit, and Banking, 4(4), 1001-1004.
https://doi.org/10.2307/1991240.

Picard, P. M., & van Pottelsberghe de la Potterie, B. V. P. (2013). Patent office governance and patent
examination quality. Journal of Public Economics, 104, 14-25.
https://doi.org/10.1016/j.jpubeco.2013.04.009.

Romer, P. M. (1990). Endogenous technological change. Journal of Political Economy, 98(5, Part 2),
S71-S102. https://doi.org/10.1086/261725.

Rosenbaum, P. R., & Rubin, D. B. (1983). Assessing sensitivity to an unobserved binary covariate in an
observational study with binary outcome. Journal of the Royal Statistical Society Series B,
45(2), 212-218. https://doi.org/10.1111/].2517-6161.1983.th01242.x.

Rowley, C., Tollison, R. D., & Tullock, G. (2013). The political economy of rent-seeking, (\Vol. 1).
Springer Science and Business Media.

Ruttan, V. W. (1997). Induced innovation, evolutionary theory and path dependence: Sources of
technical change. Economic Journal, 107(444), 1520-1529. https://doi.org/10.1111/].1468-
0297.1997.tb00063.x.

Sargent, Jr., J. F. (2018). US Research and Development funding and performance: Fact sheet (pp.
NA-NA). Congressional Research Service (CRS) Reports and Issue Briefs.

Schmookler, J. (1953). Journal of the Patent Office Society. Patent application Statistics as an Index of
Inventive Activity, 35, 539.

32


https://doi.org/10.1353/wp.2004.0006
https://doi.org/10.1093/pan/mpw015
https://doi.org/10.1016/S0169-7218(10)02009-5
https://doi.org/10.1080/07350015.2016.1227711
https://doi.org/10.2307/1991240
https://doi.org/10.1016/j.jpubeco.2013.04.009
https://doi.org/10.1086/261725
https://doi.org/10.1111/j.2517-6161.1983.tb01242.x
https://doi.org/10.1111/j.1468-0297.1997.tb00063.x
https://doi.org/10.1111/j.1468-0297.1997.tb00063.x

Shadlen, K. C. (2009). The politics of patents and drugs in Brazil and Mexico: The industrial bases of
health policies. Comparative Politics, 42(1), 41-58.
https://doi.org/10.5129/001041509X12911362972791.

Shadlen, K. C., Schrank, A., & Kurtz, M. J. (2005). The political economy of intellectual property
protection: The case of software. International Studies Quarterly, 49(1), 45-71.
https://doi.org/10.1111/j.0020-8833.2005.00334.X.

Sharma, A., Sousa, C., & Woodward, R. (2022). Determinants of innovation outcomes: The role of
institutional quality. Technovation, 118, 102562.
https://doi.org/10.1016/j.technovation.2022.102562.

Sher, G. S. (2000). Why should we care about Russian science? Science, 289(5478), 389-389.
https://doi.org/10.1126/science.289.5478.389.

Svensson, R. (2020). Patent value indicators and technological innovation. Empirical Economics, 62(4),
1715-1742. https://doi.org/10.1007/s00181-021-02082-8.

Tijssen, R. J. W., & Winnink, J. J. (2018). Capturing “R&D excellence”: Indicators, international
statistics, and innovative universities. Scientometrics, 114(2), 687—699.
https://doi.org/10.1007/s11192-017-2602-9.

Treisman, D. (2007). What have we learned about the causes of corruption from ten years of cross-
national empirical research? Annual Review of Political Science, 10(1), 211-244.
https://doi.org/10.1146/annurev.polisci.10.081205.095418.

Van Zeebroeck, N. (2011). The puzzle of patent value indicators. Economics of Innovation and New
Technology, 20(1), 33-62. https://doi.org/10.1080/10438590903038256.

Vanderweele, T. J., & Arah, O. A. (2011). Bias formulas for sensitivity analysis of unmeasured
confounding for general outcomes, treatments, and confounders. Epidemiology, 22(1), 42-52.
https://doi.org/10.1097/EDE.0b013e3181f74493.

Wengle, S. A. (2018). Local effects of the new land rush: How capital inflows transformed rural
Russia. Governance, 31(2), 259-277. https://doi.org/10.1111/gove.12287.

Wengle, S. A. Post-Soviet Power: State-led development and Russia’s marketization (p. 2015).
Cambridge University Press.

Wilson, C. (1991). Markets with adverse selection. In The world of economics (pp. 424-427). Springer.

Woo, S., Jang, P., & Kim, Y. (2015). Effects of intellectual property rights and patented knowledge in
innovation and industry value added: A multinational empirical analysis of different industries.

33


https://doi.org/10.5129/001041509X12911362972791
https://doi.org/10.1111/j.0020-8833.2005.00334.x
https://doi.org/10.1016/j.technovation.2022.102562
https://doi.org/10.1126/science.289.5478.389
https://doi.org/10.1007/s00181-021-02082-8
https://doi.org/10.1007/s11192-017-2602-9
https://doi.org/10.1146/annurev.polisci.10.081205.095418
https://doi.org/10.1080/10438590903038256
https://doi.org/10.1097/EDE.0b013e3181f74493
https://doi.org/10.1111/gove.12287

Technovation, 43-44, 49-63. https://doi.org/10.1016/j.technovation.2015.03.003.

Woodruff, D. (1999). Money unmade: Barter and the fate of Russian capitalism. Cornell University
Press.

World intellectual property indicators. (2018). World Intellectual Property Organization.

Zaller, J. (1992). The nature and origins of mass opinion. Cambridge studies in public opinion and
political psychology Cambridge university press.

Zuo, Z., & Lin, Z. (2022). Government R&D subsidies and firm innovation performance: The
moderating role of accounting information quality. Journal of Innovation and Knowledge, 7(2),
100176. https://doi.org/10.1016/j.jik.2022.100176.

34


https://doi.org/10.1016/j.technovation.2015.03.003
https://doi.org/10.1016/j.jik.2022.100176

Figure

Click here to access/download;Figure;Figures and Tables.pdf %

Table 1: Government Policy and Patent Quality

Dependent variable:

text: citationsl  text: citationslO class: citationsl  class: citations10

(1) (2) (3) (4)

Nanotechnology 0.070** 0.008*** 0.023** —0.0001
(0.022) (0.003) (0.007) (0.001)
Program 0.059** 0.0001 0.062** —0.0001
(0.003) (0.0004) (0.004) (0.0004)
Nanotechnology x Program —0.046* —0.009*** —0.010** 0.001
(0.027) (0.003) (0.004) (0.0005)
Constant 0.550*** 0.007*** 0.549** 0.007***
(0.012) (0.001) (0.012) (0.001)
3-letter IPC FE + + + +
Publication year FE + + + +
Observations 191,583 191,583 191,583 191,583
R? 0.125 0.004 0.125 0.004
Adjusted R? 0.124 0.004 0.124 0.004
Residual Std. Error 0.399 0.047 0.399 0.047
F Statistic 196.05*** 6.06*** 196.07** 6"
Robustness Value 0.0062 0.0035 0.0048 0.0049
Note: “p<0.1; *p<0.05; **p<0.01
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Figure 1: Trajectory-balancing estimation for the number of patent applications in nanotech
patent classes relative to other patent classes
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Figure 2: Trajectory-balancing estimation for the number of citations in nanotech patent
classes relative to other patent classes
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Figure 3: Trajectory-balancing estimation for the average number of citations in nanotech
patent classes relative to other patent classes
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Number of patents in USPTO

Figure 4: Aggregated licenses per patent by aggregated patent class
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Figure 5: Patents filed in USPTO from select countries
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A1l 'Triple-difference approach

To account for possible time-varying omitted variable effects, related to the specifics of I
employ US patent data to pursue the triple difference approach by comparing the double
differences in nanotechnology citations with the double difference in non-nanotechnology
citations, allowing the control of more factors that could bias the average treatment effect.
It is possible that there exists an omitted variable (or a group of variables) that varies by
time and patent type and affects patent citations. The double-difference approach eliminates
the effect of such a variable if both nanotechnology patents and non-nanotechnology patents
experience the same change in it. The differential advances in the technology can be such a
factor. Yet it is hard to measure and therefore cannot be easily controlled. Thus, I remove the
effect of such an omitted variable with a triple-differencing strategy, allowing an additional
comparison between Russian and US patent citations. I aim to remove the bias from the
confounder and isolate the treatment effect by estimating the triple difference model of the
following form:

Y = program + nano + rus + nano *x program -+ nano * rus-+ A 1)
+ program x rus + nano x program x rus + broad.patent.class + publication + e,

where the outcome variable are citations - a count of citations received by the patent by
2016; citationsl - a dummy variable that takes the value 1 if the patent received at least
one citation by 2016, and 0 otherwise and citations10 - a dummy variable, that takes the
value 1 if the patent received at least 10 citation by 2016, 0 otherwise.

As before, in order to account for the fact that older patents have more time to be cited,
I include the year of patent publication. In order to account for the fact that patents in
some fields are more likely to be cited than patents in other fields, I include the fixed effects
of the first 3 letters of patent classification. Despite patents being often listed in multiple
patent classes, the coarse patent classification at the level of class ensures that the 97% of
all patents, despite being in different 5-letter subclasses and main groups remain within the
same 3-letter class.

I rely on pre-existing classification of patent classes that are more likely to include nan-
otechnology patents for construction of the Explanatory Variable. I denote the dummy
variable, taking the value 1 if the patent belongs to nanotechnology-related field as nano. The
results of triple-difference estimation are presented in Table A-7. If there was a nanotechnology-
specific trend in all nanotechnology patents, regardless of government policy, Tripple-difference
analysis would point to not significant coefficient for Program*Nanotechnology*Russia co-
effcient. If i did observe such it, the conclusion of the paper would be harder to defend. In
general, the interaction of Program and Nanotechnology results in increasing number of ci-
tations, while the coefficient on Russia*Program*Nanotechnology shows a drop in citations.
This suggests that at USPTO, without the program or the problem of weak institutions,
overall quality of nanotechnology patents goes up, while in Russia it falls. That makes our
conclusion more credible.

A-2



Figure A-1: Benchmarking the effect of the difference-in-difference coefficient against the
publication year
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Number of patents

Figure A-3: Number of patents applications per IPC section per year
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Figure A-5: Parallel trends assumption:Probability of being cited within first 5 years (by

dictionary and class classifications)
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Figure A-6: Distribution of patent families by number of offices for the top 20 origins, 2013-
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Table A-1: Number of granted patent applications and patent citations by year and "Nan-
otechnology" status

Nano Year Citations Granted Application

1 0 2004 1506 2651
2 0 2005 1766 4397
3 0 2006 2890 9297
4 0 2007 1395 6712
5 0 2008 1077 6729
6 0 2009 27448 13705
7 0 2010 25816 10288
8 0 2011 1388 9315
9 0 2012 318 3330
10 0 2013 344 4862
11 0 2014 184 3535
12 0 2015 129 2515
13 1 2004 729 1243
14 1 2005 749 2115
15 1 2006 1391 4462
16 1 2007 503 2634
17 1 2008 624 3008
18 1 2009 1327 5991
19 1 2010 817 4482
20 1 2011 692 3712
21 1 2012 92 1389
22 1 2013 137 2105
23 1 2014 93 1613
24 1 2015 79 2060




Table A-2: Names of Relevant Patents

Patent Num Patent Name Technology

RU2062143 A rigging for produc- The application of this technology
tion of methanol would lead to destruction of the sur-

rounding area of up to hundreds of
square kilometers.

RU2265585  Technology of produc- The production of methanol and other
tion of methanol and aliphatic spirits with such method is
other aliphatic spirits  proved impossible

RU2181622 A method of natural The description of technology doesn’t
gas oxidation include any numbers or proportions.

Essentially, patent claims only that
there exists an unspecified method of
natural gas oxidation

RU2282612 The method of pro- Implies a technological reaction that is
duction of liquid impossible due to physical parameters
oxygenates by natural of mentioned substances
gases conversion and
the equipment for its’
conduction

RU2205172 The method of pro- Describes a technology that allows to

duction of methanol achieve parameters 5-7 times worse

than mentioned in a patent

Table A-3: Trajectory Balancing: number of patent applications per patent class per year
of application

Period (including Pre-treatment Periods):

ATT S.E. z-score (CI.lower CI.upper p.value n.Treated
.0000 0.0000 .0010 .0000 .0000 .9992 1461
.0000 0.0000 .0013 .0000 .0000 .9990 1461
.0000 0.0000 .0012 .0000 .0000 .9990 1461
.0000 ©.0000 .0012 .0000 .0000 .9991 1461
.0000 0.0000 .0040 .0000 .0000 .9968 1461
.0000 0.0000 .0010 .0000 .0000 .9992 1461
.0000 0.0000 .0012 .0000 .0000 .9990 1461
.0000 0.0000 .0012 .0000 .0000 .9990 1461
.0000 0.0000 .0038 .0000 .0000 .9970 1461
.0000 ©.0000 .0013 .0000 .0000 .9990 1461
.0000 0.0000 .0012 .0000 .0000 .9990 1461
.0000 0.0000 .0013 .0000 .0000 .9990 1461
.2900 0.0711 0770 671730 .4070 .0000 1461
.2697 0.0817 .3033 0.1354 .4040 .0010 1461
.0452 0.0546 .8278 -0.1351 .0446 .4078 1461
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Table A-4: Trajectory Balancing: number of citations per patent class per year of application

~ by Period (including Pre-treatment Periods):
ATT S.E. z-score (CI.lower CI.upper p.value n.Treated

1998 0.0000 0.0000 -0.0042 0.0000 ©0.0000 ©.9967 1461
1999 0.0000 0.0000 -0.0035 ©0.0000 ©.0000 ©.9972 1461
2000 ©0.0000 0.0000 -0.0039 ©.0000 0.0000 ©.9969 1461
2001 0.0000 0.0000 -0.0042 ©.0000 ©0.0000 ©.9967 1461
2002 0.0000 0.0000 -0.0067 ©0.0000 ©.0000 0.9946 1461
2003 0.0000 0.0000 -0.0031 ©.0000 ©0.0000 ©.9976 1461
2004 ©0.0000 0.0000 0.0037 ©.0000 ©0.0000 ©.9970 1461
2005 0.0000 0.0000 0.0035 ©.0000 0.0000 ©.9972 1461
2006 ©0.0000 0.0000 0.0036 ©.0000 0.0000 ©.9971 1461
2007 ©0.0000 0.0000 0.0036 ©.0000 0.0000 ©.9971 1461
2008 ©0.0000 0.0000 0.0036 ©0.0000 0.0000 ©.9971 1461
2009 0.0000 0.0000 -0.0017 ©0.0000 ©.0000 ©.9986 1461
2010 0.0033 0.0255 0.1299 -0.03806 0.0452 0.8967 1461
2011 0.0036 0.0318 0.11206 -0.0487 ©0.0558 ©0.9104 1461
2012 -0.1006 0.0185 -5.4510 -0.1310 -0.0703 ©.0000 1461
2013 -0.0675 0.0217 -3.1133 -0.1032 -0.0319 0.0018 1461
2014 -0.079% 0.0169 -4.6976 -0.1075 -0.0517 ©.0000 1461
2015 -0.0723 0.0180 -4.0206 -0.1019 -0.0427 0.0001 1461
2016 -0.0934 0.0181 -5.1648 -0.1232 -0.0637 ©.0000 1461

Average Treatment Effect on the Treated:
ATT S.E. z-score (CI.lower CI.upper p.value
[1,] -0.0581 0.0156 -3.719 -0.0838 -0.0324 2e-04



Table A-5: Trajectory Balancing: average number of citations per patent class per year of

application

1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010 0.
2011 -0.
2012 -0.
2013 -0.
2014 -0.
2015 -0.
2016 -0.

(SIS IS IS IS NG RN G I G IR G IR S I GS  G

Average

[1)] -0.

Period (including Pre-treatment Periods):
S.E. z-score CI.lower CI.upper p.value n.Treated

ATT

.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000

0002
0099
0281
0166
0165
0244
0196

(SECUI G IS I NGO RE GORE CVIE CVRE C IS I I BGS IG B G IS IS B N

.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0067
.0062
.0120
.0059
.0063
.0054
.0059

0.
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0349
.5967
.3356
. 8140
.6221
-4.
-3.

[S ARG B GO R OO RN O IS I CS B G B OS]

0000

5335
3236

O OO0 e

.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0108
.0202
.0480
.0263
.0269
.0333
.0293

(SRS IO IS I G N GO GO RE GV G IR O OSBGOS B G

Treatment Effect on the Treated:
S.E. z-score CI.lower CI.upper

ATT

0164 0.0059

-2.792

-0.

0261

-0.

.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0113
.0003
.0083
.0069
.0062
.0156
.0099

0068

.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
.0000
9721
.1103
.0195
.0049
.0087
.0000
.0009

S OO0 OO RRPRRPRRPRPRRPRERRRLER

p.value
0.0052

1461
1461
14601
1401
1401
1461
1461
1461
14601
1401
1401
1461
1461
1461
14601
1401
1401
1461
1461



Table A-6: Age-adjusted patent citations

Dependent variable:

citations per age

(1) (2)

Nanotechnology (text) 0.105
(0.795)
Nanotechnology (class) 0.118
(0.251)
Program 0.358"* 0.591™*
(0.092) (0.110)
Nanotechnology (text) x Program —0.596
(1.150)
Nanotechnology (class) x Program —0.787***
(0.199)
Constant 0.440 0.434
(0.394) (0.394)
Observations 1,194,924 1,194,924
R? 0.0001 0.0001
Adjusted R? —0.00005 —0.00003
Residual Std. Error (df = 1194799) 37.585 37.585
F Statistic (df — 124; 1194799) 0.562 0.685
Robustness Value 0.00053 0.0036
Note: *p<0.1; *p<0.05; ***p<0.01
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Table A-7: Triple-Difference Approach

Dependent variable:

citationsl citations10 citations
(1) (2) (3)
Russia —0.549** —0.312"*  —19.529***
(0.002) (0.001) (0.226)
Program —0.903*** —0.471** —14.675
(0.262) (0.211) (32.214)
Nanotechnology 0.006 0.003 1.083*
(0.004) (0.004) (0.539)
Russia x Program 0.249** 0.304*** 19.211*
(0.004) (0.003) (0.452)
Russia x Nanotechnology 0.044*** 0.035*** 2.200%*
(0.005) (0.004) (0.623)
Program x Nanotechnology —0.032** 0.015*** 1.2107
(0.006) (0.005) (0.717)
Program x Russia x Nanotechnology 0.028*** —0.013** —2.117*
(0.007) (0.006) (0.851)
Constant —26.045"* 7.290"* 296.379***
(0.649) (0.521) (79.705)
Observations 853,974 853,974 853,974
R? 0.444 0.227 0.049
Adjusted R? 0.444 0.227 0.048
Residual Std. Error (df = 853548) 0.371 0.298 45.547
F Statistic (df = 425; 853548) 1,602.422***  589.407*** 102.957**
Robustness value 0.0168 0.0101 0.00261

Note:
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*p<0.1; *p<0.05; **p<0.01





