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Abstract 
Efficient R&D subsidies target technology fields where innovation generates the most 
valuable knowledge spillovers. To quantify potential efficiency gains from targeting, we infer 
field-specific subsidy return rates from patent data by combining new measures for innovations’ 
private and spillover values with structural estimates of the distribution of innovation values and 
idea development costs. Within-country returns from optimally targeted subsidies are at least 40% 
higher than the returns from non-discriminating policies. Coordinating field-specific subsidies 
across OECD countries yields a further 30% higher returns. Hence, we show that the welfare gains 
from targeted industrial policy would be substantial. 
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I. Introduction

New technologies often build on the knowledge embodied in prior inventions. These spillovers

cause misalignment between public and private incentives for R&D and provide a motive for

government intervention to stimulate knowledge creation (Nelson, 1959; Arrow, 1962). Given

limited public funds, the ideal policy allocates subsidies to the fields with the highest knowl-

edge externalities. The larger the variation in spillovers across fields, the greater the potential

efficiency gains from targeted policies. However, without an objective approach to estimating

spillovers, designing such industrial policy for innovation remains fraught with political challenge

(Rodrik, 2004).

This paper assesses targeted subsidies’ potential welfare gains by analyzing variation in

knowledge spillovers across technology fields. We use the network of patent citations and mea-

sures of innovations’ private returns to value knowledge spillovers at the innovation level. These

estimates then inform a structural microeconomic model of innovation that we use to calculate

the marginal returns to an R&D subsidy in a given technological field. For any geographic

region, our method allows ranking fields by the subsidy returns internalized within the region

or induced globally.

We find large variation in returns across fields, suggesting that targeting subsidies would

substantially increase policy effectiveness. Optimal targeting by national governments based

on within-country spillovers would have increased returns by 40% to 80% compared to non-

discriminating policies.1 Existing literature establishes that public sector attempts to predict

technology advance have been inefficient (Lerner, 2009; Howell, 2017) and led to political capture

by self-serving lobby groups (Fang, Lerner, Wu, and Zhang, 2018). Yet, we find considerable

persistence in spillover returns. Policies that use historical information to rank fields attain

about two-thirds of the returns implied by the ex-post optimal policies.

Coordinating targeting across national borders further increases policy effectiveness because

fields vary in how much of their domestically-produced knowledge spills over to other countries.

We show that field rankings based on global returns differ substantially from those based on

national returns, particularly for smaller countries, highlighting the potential gains from suprana-

tional coordination. In our benchmark illustration, we find that directing any subsidy optimally

across OECD countries would achieve 30% higher returns than if the same total amount were

directed optimally within countries.
1Widely-used forms of subsidy that do not discriminate by field include tax credits for R&D spending. See

Bloom, Van Reenen, and Williams (2019) for an overview of the evidence on different R&D support policies.
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The method we use to infer field-specific subsidy returns has three main parts: (1) estimating

the total economic value of each innovation, including spillover as well as private values; (2)

modeling the private returns to innovation and using estimates of private values by field and

year to derive the model parameters that relate to innovation costs; and (3) simulating the impact

of lower innovation costs to measure the total economic value of subsidy-induced innovation in

a field.

To estimate the total economic value of each innovation, we use data on just over 15 million

innovations described in patents filed between 2005 and 2014 worldwide.2 The global network of

direct and indirect citations contained in the applications reveals direct and indirect knowledge

spillovers, respectively.3 We attach a value to these spillovers by attributing a share of the

private value of each patent to all patents that it directly or indirectly cites. This requires

estimating the private value of all innovations in the network. To do this, we use the estimates

of innovation value derived in Kogan, Papanikolaou, Seru, and Stoffman (2017) (henceforth

KPSS). They use abnormal stock market returns around the day of a patent grant to estimate

the value of nearly 600 thousand of the innovations in our sample. To extrapolate the stock-

market-based values to the whole population, we rely on the fact that the innovations valued in

KPSS share characteristics with those in the rest of our sample. We compute expected private

values for highly granular innovation bins, based on patent class, timing, decile groups of family

size, and claim counts of similar innovations in the KPSS sample.4 Based on bin membership,

every patent in our sample is assigned an expected private value, which we use in the remainder

of the analysis.

Characterizing the total value of any innovation as the sum of its private value and a portion

of the total value of all citing innovations gives us a system of equations that can be solved

using an iterative algorithm. The resulting total value is given by ‘P-Rank’, short for Patent

Rank.5 An innovation’s spillover value is defined as the difference between its P-Rank and its

private value. In comparing estimated spillover values to forward citation counts—the most
2We use the terms ‘innovation’, ‘invention’, and ‘patent family’ interchangeably to refer to a patented idea.
3Although citations are not made by inventors in all jurisdictions, we assume that prior art is common

knowledge to persons skilled in the art, such as inventors and patent examiners.
4Patent class is the detailed technology area, timing is the year the first patent-related document was filed,

family size is the total number of documents files, and claims is the number of unique novel contributions of a
given patent. Innovations belong to multiple bins when they are assigned multiple technology area codes. For
these cases, we assign the average across bins of KPSS means as the private value.

5Patent Rank is inspired by Google’s PageRank algorithm that was used during the early days of the internet.
Google’s algorithm relies on the structure present in hypertext to provide high quality search results. It calculates
a measure of a web page’s relevance using the information contained in the hyperlink graph of the web, and weights
a citation more heavily if the citing page is itself of a high PageRank. As described in Brin and Page (1998), an
intuitive description is that a web page receives a high PageRank if there are many pages that point to it or if
there are some pages that point to it that have a high PageRank. Our measure is the analog of this measure for
patents, with the difference that we weight each node in the network by its private value.
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prevalent measure of patent quality in the literature (Trajtenberg, 1990; Jaffe, Trajtenberg, and

Henderson, 1993)—we introduce the notion of ‘Hidden Giants’. These are innovations whose

spillovers are at least partly obscured by simple counts of the direct citations received and they

are responsible for 54% of the value of all global knowledge spillovers.6 In a validation exercise,

we show that a disproportionately large share of university patents are Hidden Giants, in line

with the idea that universities act as knowledge creators.

We next model the private innovation decision by allowing inventors to draw ideas from an

underlying technology field- and time-specific distribution of idea quality, which is assumed to

be Pareto. The idea can be developed into an innovation that generates an ex ante uncertain

private value depending on the quality of the idea. Because development incurs an R&D cost,

only ideas above a certain quality threshold are pursued. This model of innovators’ behaviour

allows us to estimate the R&D cost and the shape of the idea quality distribution at the quality

threshold using the estimated distributions of innovations’ private values. We fit the observed

distribution to the model for 410 technology field-year combinations. Intuitively, the R&D

development cost in a class-year cell is high when a large number of observed innovations have a

relatively high private value. The shape of the idea quality distribution is inferred from the right

tail of the observed value distribution. The longer is the observed tail, the more right-skewed

the idea quality distribution, and, hence, the fewer the ideas that have a private value around

the development cost threshold.

The third part of the paper evaluates the returns to subsidies that reduce private R&D

development costs. Lower costs enable inventors to develop new ideas of varying quality whose

expected private value is just below the private R&D cost threshold. Although newly-developed

ideas have a negative expected private value, their spillover values mean their total economic

value can exceed the cost of the subsidies and generate a positive rate of return to the subsidy.

The measure of returns to subsidies is called IStraX, for Industrial Strategy indeX. IStraX is

large when there are many ideas just below the cost threshold, when the cost is low, and when

newly-developed innovations create valuable spillovers.
6These innovations are dubbed ‘Hidden Giants’ in honor of Newton’s 1675 quote “If I have seen further it is

by standing on the shoulders of giants."
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We analyze IStraX for 41 broad fields (e.g. Biotechnology or Semiconductors) across the 43

countries made up by the OECD, the EU, and China, during the 2005-2014 period.7 We find

that IStraX produces markedly different rankings to alternative measures that have been used

to guide innovation policy, such as the average private or spillover value or a country’s relative

specialization in a field.

Within a country, IStraX is often three or four times greater in the highest-ranked fields than

in the lowest-ranked. This variation reveals the gains from targeting a given amount of subsidy

to fields that are high-ranked in each country. Results from simulating a targeted approach in

eight major economies leads to returns that are between 40% and 80% higher. These estimates

are an upper bound of the possible gains because the simulation assumes that field-specific

returns are predictable. We conduct a different simulation where national governments target

subsidies using the IStraX rankings in the country over the previous decade. In some countries,

for instance the US and Germany, such predictive targeting is nearly as efficient as optimal

targeting, while in other countries, for instance Italy and France, it results in substantially lower

returns. On a weighted average basis, about two-thirds of the gains from optimal targeting are

achieved when using historical information to select fields subsidized.

Finally, we look at the potential benefits of supranational coordination of industrial policy.

Targeting subsidies within countries can be inefficient when spillovers are internalized at different

rates within country borders. Our spillover measure allows us to decompose spillovers by their

recipient, and therefore to calculate the ‘internalization rate’ of spillovers by field and country.

We find that large countries, such as the US and China, internalize half of the spillover value

created by their domestic innovations. In contrast, Germany and France, while generating

comparable per capita spillovers, internalize only around 20% of the value. IStraX can deliver

technology field rankings based on national-level returns as well as rankings based on global

returns, and the two are only weakly positively correlated, particularly for smaller countries.

This finding suggests that supranational industrial policy would have led to substantial welfare

gains over the time period studied. As a benchmark illustration, an OECD-wide coordinated

policy would have generated total economic returns almost 30% greater than had the same total

subsidy been directed to maximize country-level returns.

The paper contributes to four strands of literature: the measurement of private rates of

return to R&D, the measurement of R&D spillovers, optimal sectoral innovation policy, and the

benefits of a global R&D policy.
7While we think these field-country combinations are a reasonable proxy for the choice set faced by policy-

makers, the methodology can be easily adapted to accommodate alternative groupings. We make available a
dataset which has IStraX at the level of individual patent families. This allows to conveniently calculate IStraX
for alternative groupings, simply by taking the average over patents within each user-defined group.
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The private rate of return to R&D is traditionally estimated by the marginal productivity

of the stock of accumulated R&D expenditure in an extended production function or its dual

representation.8 Another approach, introduced by Doraszelski and Jaumandreu (2013), is to

model R&D expenditure as affecting how firm-level productivity evolves over time. A third way

of estimating the return to R&D is to relate variation in the stock of R&D to variation in Tobin’s

Q, as surveyed in Hall (2000). Changes in stock market values also provide the information used

in KPSS, who focus on patent grant timing, and whose estimates provide a key input in our

approach.

The economics of innovation literature has a long tradition of emphasizing the importance

of knowledge spillovers (Scherer, 1965; Jaffe, 1986; Bernstein and Nadiri, 1989; Griliches, 1991;

Bloom, Schankerman, and Reenen, 2013). Spillovers have been measured either via a proximity

measure in a geographical, product market or technological space (Jaffe (1986); Bloom et al.

(2013)), or by patent citations or input-output transactions as proxies of knowledge or rent

flows.9 One of the main innovations of this paper is to allow for indirect knowledge flows, where,

for example, firm i benefits from the R&D of firm k because one of firm i’s patents cites patent

j that itself cites a patent of firm k.10 We quantify the value of the knowledge spillovers created

by each innovation by attributing to that innovation a part of the estimated private value of

every innovation that cites it, both directly and indirectly.

We not only identify the sectors where the social value of innovation is higher than is sug-

gested by direct patent citations, but we can also compute the returns to targeted subsidies

across sectors or technology fields. Liu and Ma (2021) derive an optimal inter-sectoral alloca-

tion of R&D based on an intertemporal consumers’ utility function and a knowledge production

function. In this function, ideas are generated from own R&D and R&D spillovers, which are

proportional to the percentage of backward citations in a given sector to all other sectors. The

important parameters in their model are the mean of the Poisson distribution of quality im-

provement, consumers’ time preference, and the sector to sector direct patent citation weights.

We use the observed distribution of private values to infer private innovation costs, and then

simulate how innovation activity in a certain technology field would be affected by a subsidy

that lowers these costs. It is the joint distribution of spillover and private values in a technology

field that allows us to estimate the marginal social return of the incremental innovation activity.
8See Hall, Mairesse, and Mohnen (2010) for a survey of this literature.
9Belderbos and Mohnen (2020) provide references and a discussion of the pros and cons of different measures.

10Wolff and Nadiri (1993) use Leontief’s inverse to calculate R&D spillovers, but in contrast to us they use
sector-level data and US input-output tables. They attribute the same value to all R&D spillovers.
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Most of the literature that evaluates the effectiveness of R&D subsidies examines the question

of additionality. That is, whether on average one dollar of government support yields at least

one additional dollar of private R&D (see Zúñiga-Vicente, Alonso-Borrego, Forcadell, and Galán

(2014)) or whether R&D subsidies increase the proportion of firms doing R&D at the extensive

margin (González, Jaumandreu, and Pazó, 2005; Einiö, 2014; Arqué-Castells and Mohnen, 2015).

Several studies also examine the effect of R&D subsidies on sales, employment, and productivity

(Bérubé and Mohnen, 2009; Einiö, 2014). More recent work has examined the effect of R&D

support on patented innovation and spillovers, exploiting exogenous variation in tax credits and

subsidies (Dechezleprêtre, Einiö, Martin, Nguyen, and Van Reenen, 2016; Myers and Lanahan,

2022). Our method provides an alternative method to analyze spillover value created from a

hypothetical subsidy in given technology field. While relying on stronger assumptions, it offers

more flexibility as it can be applied to any group of innovations and any period of time. It can

assist policymakers by highlighting technology fields that have been systematically underfunded

by existing public intervention. Furthermore, it puts forward targeted subsidy policies as an

important tool to enhance innovation (Bloom et al., 2019).

The paper proceeds as follows: Section II presents the data used. Section III describes how

P-Rank is computed, presents descriptive statistics, and compares spillover values from P-Rank

to forward citation counts. Section IV sets out how IStraX is calculated and reports results from

IStraX calibrated on technology areas. Section V examines heterogeneity in optimal industrial

policy across countries and explores the benefits of supranational coordination. Section VI

discusses and concludes.

II. Data

We use patent citation data to characterize the network of direct and indirect knowledge

spillovers. Patent citations provide a paper trail of knowledge flows and are an important

methodological tool in establishing granular spillovers between patents (Trajtenberg, 1990; Jaffe

et al., 1993). The EPO PATSTAT database provides the most comprehensive collective of patent

documentation. It collects information from worldwide patent authorities. Our sample includes
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the just over 15 million patented inventions in the database over the 10-year period from 2005

to 2014.11 We define an innovation as a patented idea. For an idea to be granted a patent,

it needs to demonstrate an improvement over the current state of the art. Establishing such

improvement requires referencing the prior inventions on which the new idea builds.12

Legal protection in a jurisdiction consists of the monopoly right to exploit the idea com-

mercially in that jurisdiction. Hence, obtaining legal protection in multiple countries requires

multiple patent applications to different patent authorities, such as the United States Patent

and Trademark Office (USPTO), the European Patent Office (EPO), or the Japanese Patent

Office (JPO).13 To analyse the data at the level of an innovation, we aggregate all the informa-

tion available about any single innovation from all of the patent authorities. The documents in

the database relating to a single innovation might include, for example, (1) a patent document

filed at the EPO describing the invention, (2) a document describing the outcome of the prior

art search from the EPO, (3) a document stating that a patent was filed at the USPTO, (4) a

similar document for the Japan Patent Office, (5) the decision of the patent grant at the EPO,

and (6) the decision of grant at the USPTO, and finally (7) the decision grant at the Japan

Patent Office. We use the EPO’s DOCDB family definition to group documents about the same

technical content together as relating to a single innovation. Hence, an innovation is described in

a family of patent documents. One important characteristic is the timing of the innovation. We

choose to use the first filing date among all the timestamped documents to capture the earliest

date at which the knowledge embodied in the innovation became available to other innovators.

To construct the knowledge spillover network, we use patent families as nodes and citations

between patent families as the edges. While citations occur at the patent document level, we are

interested in the links between patent families, and so we drop duplicate citations between fam-

ily pairs. The full network of family-to-family citations in PATSTAT has 156 million citations,

75 million of which are made by innovations included in our 2005-2014 sample rather than by

innovations from before or after this period. Our sample innovations themselves receive 26 mil-

lion of the 156 million citations. We omit all ‘self citations’ between patent families that include

the same applicant as these do not reflect knowledge spillovers between different innovators and

therefore do not represent the type of knowledge externality that motivates subsidies. The Bu-
11We use the version from Spring 2018. A detailed description is available at https://www.epo.org/searching-

for-patents/business/patstat.html, both in general and for the EPO PATSTAT Data Catalogue in particular.
12Patent citations are not made by the inventor in all jurisdictions (e.g. in the UK, they are made by the patent

examiner) and citations are more or less exhaustive depending on the jurisdiction. We assume in this paper that
prior art is common knowledge to persons skilled in the art, that is, to the inventor and patent examiner.

13The EPO grants patents on behalf of the countries that signed the European Patent Convention, which had
the objective to harmonize the patent application and opposition procedure across European countries. When
filing an EPO patent, the inventor selects the countries in which it seeks protection. Some of these countries’
national patent office then also publish national patent documents.
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reau van Dijk ORBIS database, which links applicants to legal entity companies, provides a way

to ensure we find self-citations that we would have otherwise missed because applicant names in

PATSTAT are not harmonised across documents. For the full sample of patent citations, 8.2%

are self-citations, and for the 2005-2014 sample, the share is 15%.

We assign each innovation to 35 technological fields using the classification in Schmoch

(2008) based on the International Patent Classification (IPC) codes present in PATSTAT. We

also include six additional fields related to emerging technologies—‘Clean’ technology, Artificial

Intelligence, Wireless, 3D Printing, Aerospace, and Robotics—giving us a total of 41 fields.14

33% of innovations are allocated to more than one technology field.

To assign innovations to countries, we use the inventor’s country code as assigned by PAT-

STAT and combine it with the inventors’ geo-located addresses from de Rassenfosse, Kozak,

and Seliger (2019). These two sources of information are complementary because the latter uses

address information from local patent offices not present in PATSTAT while the former assigns

country codes even to inventors for whom address information is insufficient for reliable geo-

location. Using this information, we are able to assign 64% of all patent families in our sample

to at least one country. The countries with most patents in our sample are China (2.4 million),

Japan (2.4 million), and the US (1.4 million). On a per capita basis, the most patent-intensive

countries are Korea, Japan, and Switzerland. 3% of innovations have inventors in more than

one country.

Table 1 presents descriptive statistics of the backwards and forwards direct citations. The

first row of the table reveals the skewness in the distribution of the number of direct citations—

a relatively small share of all innovations are cited at all, and only a small fraction are cited

multiple times. The median number of citations received is zero but the mean is 1.47. The next

two rows show that having a foreign citation is more likely than being cited by an innovation

in another technology field. The last three rows look at the number of innovations cited. A

relatively small share cite any prior innovations, but some cite many. Innovations cite a foreign

innovation more often than they cite an innovation from another field.

Table 2 presents summary statistics about citations for innovations by technology field.

The first column shows that innovations are unevenly spread across the 41 fields, with Electrical

machinery, apparatus, and energy accounting for over 10% of the total, and Computer technology

accounting for over 8%. The least frequent fields are 3D Printing and Robotics, with only 0.02%

and 0.05% of the total. Columns 2, 3 and 4 reveal the variation across fields in the mean
14Appendix B details the definition of our technology fields. These definitions correspond to the IPC and CPC

classifications that are added to patent applications by the patent examiner. The ‘CPC’ refers to the Cooperative
Patent Classification, which was initiated in 2010 in a joint partnership between the EPO and USPTO in order
to harmonize their existing classification scheme. It builds upon and exists next to the IPC classification system.
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number of citations received and in the proportion of all citations that are from other fields or

from other countries. Wireless innovations received the highest mean number of citations and

Civil Engineering innovations have the lowest mean number. Wireless also has the highest mean

share of foreign citations and Instruments–Control and Mechanical Engineering–Handling have

the highest shares of citations from other fields.

Table 3 presents summary statistics by country. Innovations from the US and Israel are cited

the most often and those from Poland and Turkey the least often. The share of foreign citations

is low for China, the US, and Japan, and high for smaller EU countries such as Sweden and

Finland. Finnish and Swedish innovations also have the lowest share of out-of-field citations and

innovations from China have the highest share.

The data used to estimate innovations’ private values comes from US stock market returns

in the CRSP database.15 KPSS develop a methodology to construct the value of innovations by

the listed US firms that are granted patents. Their event study design calculates the abnormal

returns in the firms’ stock around the time a patent is granted. The premise, based on an

efficient markets hypothesis, is that the private value that can be captured by the innovator is

fully reflected in any change to the firm’s stock price when a patent is granted.16

Of key importance for our paper is how we use the information about US listed firms’

innovations to estimate the private values of all the innovations in our sample of 15 million

worldwide innovations. Our approach resembles a hedonic regression in which US listed firms’

innovation values are regressed on highly disaggregated innovation characteristics to approximate

the marginal value of each characteristic. We use four characteristics to describe innovations: (1)

filing year, (2) technology classes assigned, (3) patent family size, and (4) number of claims the

patent makes. The family size of an innovation is defined as the number of patent applications

filed to protect it, and is well-established as a measure of commercial value (Harhoff, Scherer,

and Vopel, 2003). A patent claim relates to a specific contribution that the patent makes and

the set of claims precisely delineates its monopoly right. The count of claims has long been

argued to be an indicator of value (Tong and Frame, 1994).17

We then argue that the estimated mean private value across patents within a finely disaggre-

gated group is informative about the private value of all innovations that share the characteristics

of that group. The quality of these estimated private values hence depends on two requirements:

First, on how well the innovation characteristics that are observed explain variation in private
15The Center for Research in Security Prices collects data from the NYSE, Amex, and NASDAQ stock markets.
16Kogan et al. (2017) adjust their value estimates to account for the expected probability a patent is granted,

so that the returns around the event itself relate to the news of the grant.
17The remaining text in patent documents is description without any legal implications. For more information

about each of the the patent characteristics included, we refer to https://www.wipo.int/classifications/ipc/
en/preface.html
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values in the KPSS sample and, second, on whether the KPSS sample innovation characteris-

tics span the whole range of innovation characteristics found in the larger sample we study in

this paper. Table 4 presents summary statistics about the private innovation returns data from

KPSS to inform the first of these requirements. Section A.3 will address the second requirement

after we describe our private value estimates.

The first row of Table 4 summarizes the variation in private values in the nearly 600 thousand

innovations that are both in our sample and in the KPSS sample. The first row shows that

KPSS values are extremely skewed, with a standard deviation of more than twice the mean,

and a median of less than half the mean. Subsequent rows document the variation in predicted

KPSS values when successively adding patent characteristics in turn. Model 1 regresses the

KPSS values on only the filing year. Models 2 and 3 respectively add patent family size and

claim count dummies. For patent family size, we use 15 dummies, one for each family size up to

14, and one for family size of 15 or above. For patent claim count we use 20 dummies that reflect

20 quantiles of the distribution. The family size increases the standard deviation of predicted

KPSS values considerably more than the number of claims.

Model 4 further adds an indicator variable for membership to one of 8, 212 IPC groups. If

an innovation is assigned to multiple technology classes, we select one of them at random, and,

for a small subset of innovations, no class is available, and the sample shrinks by 0.2%. In this

model, the set of patent characteristics generate a predicted private value distribution that has

a range of 5.60 between the 25th and 75th percentiles, compared to the range for the actual

distribution of 8.07 shown in the first row of the table.

Model 5 of Table 4 includes the interacted fixed effect of our four characteristics. It has

77, 677 different characteristic groups and, hence, reduces the number of observations by about

38% due to collinearity. This most saturated model does not fully capture the degree of skew

seen in the private value distribution in the first row, compressing both tails of the predicted

distribution towards a lower median, but it does increase the range between the 25th and 75th

percentiles to 7.08, and has an R-squared of 0.32, which is more than twice as high as for Model 4.

We use the explanatory variables in Model 5 to estimate the private values for the innova-

tions in our sample, including those that are also in the KPSS sample. We make two further

adjustments to Model 5: First, we allow for multiple membership of technology classes. Sec-

ond, we require any grouping defined by our characteristics to have at least 10 KPSS values to

decrease spurious correlation in the resulting measure. Section A.3 describes our procedure in

detail.
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III. An Innovation’s Total Economic Value: Patent Rank

We use the information in the citation network together with private value by narrowly defined

patent group to estimate the total economic value generated by each innovation in the data.

This involves estimating the value of an innovation’s knowledge spillovers and adding it to the

private value estimate. Our premise is that citing an existing patent indicates an innovator relied

in part on the knowledge it embodies. In this way, a portion of any citing innovation’s private

value can be attributed to the innovations it cites. The sum of these spillover values across all

citing innovations makes up an innovation’s spillover value. In this section, we describe how we

calculate our total economic value measure, which we call Patent Rank (or ‘P-Rank’). While our

approach delivers estimates of total economic value, these estimates are sensitive to some model

parameterizations. However, the ranking of total economic value across innovations is relatively

insensitive to the chosen model parameters, hence we call the measure a Patent Ranking.

We first introduce some notation. The total economic value of innovation i, Vi, is the sum

of its private value, PVi and its spillover value SVi. Each innovation i ∈ N cites NBi prior

innovations, which make up the set Bi. Innovation i may also be one of the innovations in Bj ,

that is, those cited by innovation j. The set of all innovations that cite i is Fi. Hence, Bi

refers to the set of i’s ‘backwards citations’ and Fi refers to the set of i’s ‘forwards citations’.

We define SVi =
∑

j∈Fi fij(Vj), where the function fij describes how the private value of citing

innovations derives from the innovations it cites. Therefore:

Vi = PVi + SVi = PVi +
∑
j∈Fi

fij(Vj), (1)

and we now discuss each term in this equation.

A. P-Rank Input Assumptions

A.1. The function fij(Vj)

fij(Vj) corresponds to the marginal contribution of innovation i to the value of innovation j

and relates to the innovation production function for innovations in the set Fi. Suppose that

the value Vj , where j ∈ Fi, derives from a production function where inputs include the R&D

investment from the firm, RDj , and also the stock of knowledge embodied in prior patents Bj .

Let the production function have a Cobb-Douglas form with an efficiency shifter θj , then:

Vj = θjB
σ
j RD

1−σ
j (2)
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In this formulation, the parameter σ measures the relative contribution of prior knowledge to

future innovation and does not vary with j. By differentiating equation (2) with respect to each

cited innovation i ∈ Bj , and then substituting for Vj , we derive an expression for the marginal

contribution of citation i to Vj .
∂Vj
∂i

= Vjσ
∂Bj
∂i

1

Bj
(3)

We denote the term ∂Bj
∂i

1
Bj

as φij . This term measures patent i’s contribution to the stock

of knowledge used in the production of patent j. In this paper, we assume that each of the NBj

patents in the set Bj contributes equally. Therefore, this term simplifies to φij = 1
NBj

for each

i ∈ Bj and zero for all i /∈ Bj .18 The P-Rank of patent i is its total economic value:

P -rank = Vi = PVi + σ
∑
j∈Fi

φijVj = PVi + σ
∑
j∈Fi

1

Nj
Vj (4)

The parameter σ determines what share of patent i’s value is attributable to the value of the

spillovers that it receives. The recursive nature of the P-Rank measure means that it weighs the

value of indirect forward citations by σ to the power of the level of indirectness. As such, this

parameter can be viewed as a distance decay parameter, so, for example, the value of a patent

that contains a backward citation of a backward citation of patent i will be weighted (at most)

by σ2 in Vi.

A.2. Choice of σ

The parameter σ can be interpreted as a spillover’s marginal value. A large value of σ implies

that the knowledge gained from cited innovations greatly increases the value of subsequent

innovation, that is, innovation is a highly cumulative process. Conversely, a low value implies

that prior knowledge is of limited use in contributing to new knowledge. In the remainder of

the paper, we assume that σ is equal to 0.50, that is, half of an innovation’s total value derives

from the stock of knowledge it acknowledges as prior art and the other half from R&D effort.

Because the σ parameter determines the weighting of the spillover value to private value in

P-Rank, and also determines the importance of indirect spillovers, it has a strong impact on the

magnitude of the calculated spillover values and on the value of P-rank. Its magnitude has a

disproportionately large impact on indirect spillover value and, hence, on the ratio of indirect
18For this paper, we set φij = 1

NBj
, but, in a more general specification, the contribution of innovation i to

the knowledge used in j could be modeled as a function of the characteristics of i and j. This could be used
to adjust the marginal spillover effect of an additional innovation in the stock of knowledge by the similarity of
technological fields between which the spillover occurs, or by the extent of product market competition to account
for business stealing effects. Formally, this would imply φij = φ(xi, xj), where the arguments of the function are
characteristics of the cited and citing patent.
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to direct spillover value. Because σ enters the spillover value part of P-Rank multiplicatively,

its impact on the spillover value implied by P-Rank is not intuitively clear (it depends on the

network structure of the citation network). However, Figure 1 illustrates that there is a near-

perfect correlation between spillover values (SV ) computed under different values for σ.

A.3. Estimates of PVi

Our approach relies on estimates of the private value of each innovation in the network. KPSS

find the abnormal stock market returns in a three-day window around a patent grant date and

use it to proxy for an innovation’s private returns. We start with their estimates of the private

returns for innovations made by firms listed on US stock markets, as summarized in Table 4.

While these are only 3.4% of all patents in our sample, they are sufficiently varied to allow us

to estimate the marginal private returns to a set of innovation characteristics: the technology

field, filing year, patent family size, and number of claims as determinants of private value. We

extrapolate from these estimates to assign private values to the innovations made by non-listed

firms that share the same characteristics.

In the first iteration of this extrapolation exercise, we define highly detailed discrete cat-

egories for all our innovation characteristics and create attribute groups for combinations of

characteristics. If there are at least 10 innovations with a KPSS value estimated in a given

attribute group, we assign the average of these values to each non-listed firm innovation with

the same set of attributes. Only 7.8% of the innovations are assigned a value in this first itera-

tion because many of these narrowly-defined attribute groups do not contain at least 10 patent

families with KPSS values. We gradually loosen the bounds on the discrete categories for our

predictors in order to assign values to innovations in less populated attribute groups. We iterate

this procedure until each patent family for which information is available on at least one of

the predictors has received a private value. For patent families belonging to multiple attribute

groups in the same iteration, we take the average private value of these groups.

While KPSS values are only available for granted patents, this procedure supplies a private

value estimate for non-granted patents as well. However, a patent that is never granted can be

assumed not to create any private returns. At the same time, we cannot rule out that patents

in our sample will be granted after the time period covered by our database. To circumvent this

issue, we model the patent grant distribution over time using a 20-year window. We take all

patent families from the year 1998, and retrieve the probability that it will be granted after each

of the 20 consecutive years. Assuming the grant distribution has not changed for more recently

13



filed patents, we can use this probability distribution to assess our sample patents’ probability

to be granted post-2018, the last year of our database. We use that probability to weight the

private value obtained for non-granted patents. Appendix A gives a detailed description of this

methodology.

To evaluate how well this process estimates private values for innovations by firms not listed

on US stock markets, we start by comparing our extrapolated private values (PV ) to the KPSS

values (ξ) for those innovations that also appear in their sample. The correlation between the two

measures of private value is 0.51 for the actual values and 0.60 when taking the logarithm and

standardizing the values. This correlation is quite stable (varying between 0.50 and 0.62) across

the different extrapolation iterations, with the exception of one iteration representing 0.18% of

the population where it is nearly zero. Except for the highest percentiles, the distributions of

both measures are similar, but the values generated at the detailed discrete category level for

innovations that share the same characteristics are naturally more centered around the mean.

To illustrate the variation in estimated private innovation values, Figure 2 shows the mean

value for all innovations between 2005 and 2014 aggregated up to the technology field level. The

length of each bar on the x-axis is in million CPI-adjusted 2005 USD and the width of each

bar represents the number of innovations in the technological field. Consequently, the area of

each bar represents the total estimated private value in the technological field and is shown (in

billions) next to each field on the y-axis. The colors of the bars correspond to labels for broader

technological domains, such as ‘Chemistry’ or ‘Electrical Engineering’.19

The figure reveals two interesting patterns. First, the mean private value of an innovation

varies substantially. It ranges from around 35 million for Organic fine chemistry to around

7 million dollars per innovation for Semiconductors. This range corresponds roughly to the

difference between the 90th and 10th percentile of the innovation-level private value distribution.

Second, the technological fields where the estimated average private value is high appear

likely to also have high per-innovation R&D costs. Economic intuition tells us that organizations

will pursue R&D projects only when the expected private returns from the resulting innovation

exceed the costs. For instance, pharmaceuticals are estimated to have the second-highest private

return per innovation, and the R&D investment required to yield one patentable idea is known to

be large in this field (see, for instance, DiMasi, Hansen, and Grabowski (2003)). Fields where the

average project is less costly, in contrast, need relatively low private returns for organizations to

undertake R&D. The fact that fields such as ‘Computer Technology’ and ‘Artificial Intelligence’

have lower average private returns seems to be consistent with this notion.
19The fields labelled as ‘trending’ are five of the emerging fields that have seen large increases in patenting

activity in recent years, Aerospace, Artificial Intelligence, 3D printing, Robotics, and Wireless.
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The variation in mean private values across countries is shown in Appendix B for OECD

countries, for other EU countries, and also for China, where the mean private return to an

innovation in each country varies between 23 and 9 million dollars, for Latvia and Mexico,

respectively.

B. Computing P-Rank

Expression (1) corresponds to a large system of equations, the solution of which requires inverting

an [N × N ] matrix. To avoid such a computationally expensive operation, we make use of an

iterative algorithm inspired by Google’s PageRank search algorithm. We collect the private

values in the vector PV , where the number of elements is equal to the total number of patents

in the data, N . We also construct the [N × N ] matrix Φ, where the element (i, j) is equal to
1

NBj
if innovation i is in Bj .

The vector of P-Rank values can be written as V , where:

V = PV + σΦV , (5)

which can be rearranged as:

V ∗ = (I − σΦ)−1PV . (6)

This system of equations can be estimated using the following recursive procedure: Starting

with an arbitrary set of initial values V (0)
i

20, we compute a set of new values V (n)
i as:

V
(n)
i = PVi + σ

∑
j∈Fi

φjV
(n−1)
j (7)

In the appendix, we prove that equation (7) yields a fixed point for V ∗ given our assumptions

about Φ. The solution to the system of equations corresponds to the principal eigenvector of

the normalized link matrix of the patent citations.

Armed with the P-Rank estimates, V , we find the vector of spillover values:

SV = V − PV =
[
(I − σΦ)−1 − I

]
PV . (8)

The spillover value of an innovation derived here represents the value of the knowledge that it

generates for the rest of the innovation network, as captured in the private returns of directly

and indirectly citing innovations.

20A natural choice is V (0)
i = PVi
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The approach can also be modified slightly to deliver estimates of the value of the knowledge

spillovers from each innovation to a subset of the innovation network. We can capture both

direct and indirect spillovers to a subset of innovations denoted A by including all higher-degree

paths from innovation i to all innovations in A even if they arrive via innovations that are outside

A. We will later discuss the share of spillovers from a given country received by other innovators

in that same country versus outside country borders.

C. P-Rank Results

The various components of P-Rank—i.e. V in equation (5)—are summarised in Table 5 for

our 2005-2014 sample of about 15 million innovations. The mean total economic value across

all innovations is 17 million 2005 USD. The second column (PV ) shows the estimated private

values, which make up the bulk of the total value for the typical innovation. The third column

(SV ) shows the estimated spillover values resulting from our baseline specification of P-Rank.

It counts spillovers generated from and to any geographic area and technology field without

restrictions. The fourth and fifth column decompose the spillover value by summarizing the

distributions for ‘direct’ and ‘indirect’ spillover values. ‘SV direct’ takes into account only the

spillovers generated to innovations one degree away in the network (that is, innovations directly

citing the focal innovation), while ‘SV indirect’ only takes into account spillovers generated to

innovations at least two degrees away in the network.

The lower rows of Table 5 confirm the expectation that the innovations’ value distributions

are right-skewed. For private values we see that although the distribution of our private value

estimates is more compressed than the distribution of innovation-level values in KPSS, it pre-

serves a significant right skew with the mean about a fifth larger than the median. For spillover

values, zeros result from innovations that did not receive any citations within the time frame

considered. It is important to note here that innovations made late in the time window had

only a limited time to receive citations. Our spillover value estimates should therefore be in-

terpreted as coming from the spillovers generated as of the end of 2014. We find that indirect

spillovers constitute about one tenth of the total spillovers generated, on average. Despite the

rather short time window employed, and the fact that spillovers from indirect network linkages

are exponentially discounted, for around 1% of innovations, the spillover value created within a

window of maximum 10 years exceeds the 75th percentile of the private value distribution.
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Figure 3 has the same structure as Figure 2 but rather than showing the distribution of

mean private innovation values across technology field, it shows the mean spillover value when

the innovations are aggregated to the level of the field. As seen in Table 5, the mean spillover

value across all fields is 1.59 million 2005 USD. Figure 3 shows that in 12 of the 41 technology

fields, the average spillover value per innovation exceeds 3 million. Fields at the top of the list

tend to be chemistry- and IT-related. These fields produce about three times more spillovers

on average than fields at the bottom, which are often related to mechanical engineering. A

comparison to average private value per innovation reveals that fields with high private values

generally create high spillover values. In part, this is unsurprising because spillovers derive

from private returns obtained by others and citations are often localized within technological

fields. However, fields such asWireless, Artificial intelligence, and Aerospace rank notably higher

on spillover value than on private value. This suggests these fields are more general purpose

technologies, generating relatively large spillovers to other fields.

D. The Hidden Giants of Innovation

The innovation-level spillover value estimates from our P-Rank measure, SV , can be compared

to the number of patents’ forward citations, which is a commonly-used measure for spillovers.

Figure 4 examines the joint distribution of these two measures, plotting a cross-tabulation of

both indicators using the combination of the indicators’ decile bins. The size of the circle

represents the number of innovations in each of the 100 bins. We exclude from this figure the

60.1% of all observations that receive no forward citations in our time window.

Innovations with larger spillovers tend to have more forward citations—the correlation be-

tween the two measures is 0.49—but the figure reveals a particularly interesting group of inno-

vations in the top left. These are innovations that are in the lowest deciles of forward citations

but are, nonetheless, in one of the top deciles in terms of the spillover value that they create

as assessed by SV . This region of the figure is more heavily populated than the bottom right

region. That is, P-Rank’s spillover value measure and forward citations agree for innovations

with high forward citations, but there is a large variance in P-Rank’s spillover value for inno-

vations with the lowest positive number of forward citations. Using forward citation counts to

measure spillover value would therefore result in relatively few false positives, but would lead

to many false negatives by failing to find the innovations that have valuable spillovers despite

being relatively rarely cited.
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We define Hidden Giants as innovations that create large (giant) spillovers through the

innovation network relative to the number of direct forward citations that they receive. These

are the innovations that are above the 45 degree line in Figure 4 and that would have been

undervalued according to the forward citation counts. Innovations below the 45 degree line

rank higher in terms of forward citations than they do in the ranking of spillover value and

we call them Illusory Giants because the more traditional citations measure overstates their

contribution.21 We divide the innovations on which both measures agree, those that sit on the

45 degree line in Figure 4, into Gnomes and Real Giants, according to whether they belong to

decile 1 to 5 or decile 6 to 10 for both measures, respectively.

How prevalent are Hidden Giants and how much spillover value do these innovations create?

Figure 5 shows the number of innovations and the average spillover value per innovation in

each of the four innovation categories. Starting at the top, we see that Real Giants generate

high levels of spillover value on average, but they are also relatively scarce, at only 8.9% of

all innovations in the network. There are far more Hidden Giants, which, in contrast to Real

Giants, are, by definition, found across all deciles of the spillover value distribution. They make

up 53.4% of all innovations and they create an average spillover value that is one third as large

as the Real Giants’ average. Their prevalence, however, means that, collectively, they account

for 54% of the total the spillover value in the network, almost twice as much as the Real Giant

category. The total spillover value created by Hidden Giants is also around four times as large

as the patents grouped together as Illusory Giants.

To validate the added value of our SV measure, we turn to additional information about

the type of organization granted a patent. We retain those innovations that are unambigu-

ously assigned by PATSTAT to only a company or a university.22 Of the 3, 199, 245 innovations

assigned to either a firm or a university in the data, 10.5% are university patents. Since univer-

sities are expected to undertake R&D that generates large spillovers, we expect the innovations

made by universities to have high spillover values on average. Hence, we compare the relative

prevalence of universities’ innovations in each of our four groups. If our measure adds value,

we would expect universities to be disproportionately prevalent in the Hidden Giant and Real

Giant categories, but also underrepresented in the Gnome and Illusory Giant categories.
21To learn more about Illusory giants see Michael Ende (1960), ‘Jim Knopf und Lukas der Lokomotivführer",

ISBN 3-522-17650-2.
22We drop cases for which the sector allocation in PATSTAT contains ambiguous categories such as ‘Company-

Government’, as well as cases where a patent family belongs to multiple different categories, for instance because
it is the result of a company-university collaboration.
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The results confirm this expectation and are shown in Figure 6. The width of each bar

represents the size of each of our four categories. The x-axis shows the relative share of uni-

versity innovations in each category. This is the share of university innovations in the category

divided by the overall share of university innovations. We subtract one from this ratio so that

positive (negative) values indicate that universities are overrepresented (underrepresented) in a

particular category. The figure shows that universities are overrepresented in both Real Giants

and Hidden Giants, and underrepresented in Gnomes and (particularly) in Illusory Giants. Un-

der the assumption that university research exists precisely to mitigate market failure for basic

knowledge creation in the private sector, this figure offers support to the validity of our spillover

measure.

IV. Returns to R&D Support: Industrial Strategy Index

In this section, we estimate a structural model of innovation using the two components of P-

Rank—innovation-level private and spillover values—to derive the marginal return to lowering

innovation costs with a subsidy in a given technology field.23 The key idea behind our approach

is that a subsidy only induces innovations that would have not been pursued based on their ex

ante expected private value. The challenge, then, is to estimate the cost of inducing such an

innovation as well as the spillover value it will create. We do so by modeling the innovation

process and imposing distributional assumptions on the unobserved idea quality distribution.

Our model allows us to back out key parameters using only the distribution of observed private

values obtained in Section III A.3. We then use these parameters, together with value estimates

from P-Rank, to derive the Industrial Strategy Index (IStraX): the marginal return to subsidies

in a given field of innovation.

A. A Model of Innovation

In this section, we describe our model of the innovation process. Its key parameters are the cost

of innovating and the shape of the unobserved idea quality distribution. The model delivers

theoretical quantile values for the observed distribution of private values of innovation as a

function of model parameters. We then match these quantile values to the observed quantile

values of the distribution of estimated private values described in Section A.3 to obtain parameter

estimates.
23We examine the case of subsidies at the level of the technology field, but the approach can be applied at

lower levels of aggregation as well.
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We focus on a single technology class to set up the model. Assume that a new innovation

first requires an idea, of which the quality, δ, is heterogeneous and Pareto-distributed as follows:

f(δ) =


αµα

δα+1 if δ > µ

0 if otherwise
(9)

The support of this quality distribution is [µ,∞), and α is a parameter that determines its

curvature, with higher values leading to a larger share of low quality ideas.

An inventor with an idea will develop it if it generates an expected private financial gain

for her. Her expected payoff from developing the idea includes a fixed cost c and takes into

account that the outcome is uncertain. We assume that the probability of innovation success is

independent of the idea quality and is a draw from a uniform distribution on the interval [0, κ)

where κ < 1. The expected private benefit from innovating conditional on having an idea of

quality δ is PV = ε× δ, which, because the expected value of ε is κ
2 , gives E {PV |δ} = κ

2 δ. An

inventor, hence, chooses to innovate if E{PV |δ} = κ
2 δ ≥ c.

We define λ as the lowest quality idea that will be developed, where the expected private

value is exactly equal to the fixed cost of development:

λ =
2c

κ
, (10)

and we are interested in the distribution of idea quality conditional on idea development, which

can be written:

f(δi|δ > λ) =
f(δi)

P (δ > λ)
=


αλα

δα+1
i

if δ > λ

0 if otherwise

where P (δ > λ), the likelihood that any new idea is above the minimum quality required to be

developed, is given by:

P (δ > λ) =

∫ ∞
λ

αµα

δα+1
i

dδi =
µα

λα
(11)

The distribution of the private values of ideas that will be developed is therefore:

P (PVi = v|δ > λ) =

∫
φ(PVi = v|δ)f(δ|δ > λ)dδ
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where the density of PV conditional on δ is:

φ(PVi = v|δ) =


1
δκ if v < κδ

0 if v > κδ

(12)

Together, these expressions yield:24

P (PVi = v|δ > λ) =

∫ ∞
max{λ, v

κ
}

f(δ)

δκ
dδ =

∫ ∞
max{λ, v

κ
}

αλα

κδα+2
dδ

Integrating over the support and using equation (10) gives:

P (PVi = v|δ > λ) =


α

(α+1)2c if 2c > v

α2αcα

(α+1)vα+1 if 2c < v

(13)

Note that the density of PV given δ > λ depends only on c and α. This is because c is a

sufficient statistic for the combined effect of κ and µ on the density.

Because equation (13) describes the distribution of private values of the observed innovations,

we can estimate parameters α and c by fitting it to the observed distribution of private values

PVi summarized in Section A.3.25 The expected value of the distribution of private values

conditional on successful development is:

E{PVi|δ > λ} =
αc

α+ 1
+

α2c

(α− 1)(α+ 1)
=

αc

α− 1
, (14)

and the cumulative density is given by:

P (PVi ≤ v|δ > λ) =


αv

(α+1)2c if 2c > v

α
(α+1) +

∫ v
2c

2ααcα

(α+1)wα+1dw if 2c < v

By integrating the second term in the second segment of this cdf, it can be written:

P (PVi ≤ v|δ > λ) = ΦPV (v) =


αv

(α+1)2c if 2c > v

1− 2αcα

(α+1)vα if 2c < v

,

24Note that f(δi|δ > λ)=0 if δ < λ from equation (9). However, we also have that φ(PVi = v|δ) = 0 if δ < v
κ
.

This means that φ(PVi = v|δ)f(δ|δ > λ) will be zero if either of those conditions is binding. This gives us that
max{λ, v

κ
} is the lower bound of the integral.

25Because equation (13) won’t be differentiable in c and α, we rely on a genetic, or evolutionary, algorithm to
fit the observed quantiles to those in the model.
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which can be inverted to find quantiles of the distribution. Note that ΦPV (2c) = α
(α+1) . Hence,

the p quantile is given by:

QPV (p) =


p (α+1)2c

α if α
(α+1) > p

2c

(α+1)
1
α (1−p)

1
α

if α
(α+1) < p

The data give us a p-quantile value for every grouping of patents, and we can therefore

estimate parameter values for α and c for each grouping. We estimate α and c for each year

for each of our 41 technology fields.26 This results in time-varying estimates for the model

parameters for each technology field.

Recall from Figure 2 that Organic fine chemistry innovations had the highest estimated

mean private value, and Semiconductor innovations had the lowest. To illustrate our parameter

estimation, Figure 7 shows the modeled and actual private value distributions for these two

common fields for the year 2010. The estimated parameter values of α and c for each area

produce the blue lines in the graphs. The histograms present the private values estimated from

the actual data in Section A.3.

We note that the estimated parameters for each field give the private value of the innovation

corresponding to the marginal developed idea. This is our measure of the development cost,

and the shape of the private value distribution for innovations with private values above this

cost cutoff. The structural parameters do not contain any information about the distribution of

potential values within the group of undeveloped ideas, meaning that the blue lines in Figure 7

are horizontal for this range of value levels. However, the distribution of the private values in

these low-value regions are not relevant for estimating the returns on marginal subsidies, which

we infer from the nature of the distribution of spillovers for innovations around the private cost

threshold. Hence, we are particularly interested in the fit between the model and the data at

this kink in the estimated model distribution.

Panel (a) of Figure 7 shows the estimated model for Semiconductors. The kink in the

modeled distribution happens at a private value of around $9m, suggesting that only ideas with

an expected value of at least $9m will be developed in this field. The density of the modeled and

observed private value distribution falls off quite fast for private values above this threshold,

corresponding to a relatively small estimate of α at 2.22. In contrast, panel (b) of Figure 7

shows the estimated model for Organic fine chemistry, which is found to have a much higher

idea development cost, of around $25m, and much flatter modeled and observed distributions

above this value, corresponding to a larger value of α at 3.13.
26Estimates at the level of 650 IPC subfields for each year are also available upon request.
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B. The marginal returns to R&D subsidies

We now turn to constructing our indicator for the marginal returns to R&D subsidies: IStraX.

Let s > 0 be the decrease in the private cost of idea development in a given technology field due

to the subsidy. We let c′ = c − s < c, be the subsidized cost of idea development. This gives

a new minimum quality threshold, λ′ < λ, meaning that more ideas will be developed. The

magnitude of s affects the quality distribution of ideas that are developed.

We assume the policymaker cares about how much total economic value the subsidy will

generate.27 Total economic value, our P-Rank value less the cost of developing an idea, is:

E {V } = E {PV − c+ SV |δ > λ}P (δ > λ)× n, (15)

where n is the number of ideas in a particular technology area. To examine the effect of additional

subsidies in the area, we can write the marginal impact of a change in s as:

∂E {V }
∂s

=
∂E {V }
∂c

∂c

∂s

=

[(
∂E {PV |δ > λ}

∂c
+
∂E {SV |δ > λ}

∂c
− 1

)
P (δ > λ)

+E {PV − c+ SV |δ > λ} ∂P (δ > λ)

∂c

]
∂c

∂s
. (16)

Our assumptions about the innovation process allow this derivative to be re-written in a compact

way as suggested in the following proposition, which is proved in Appendix D.

Proposition IV.1 Derivative of Expected Total Economic Value

∂E {V }
∂s

= E {c+ SV (α− α× I{v > 2c}+ I{v < 2c}) |δ > λ} P (δ > λ)

c
× n (17)

Equation (17) reports the marginal benefit of increasing the subsidy. We note that the same

change of the cost threshold level s will require different amounts of actual support depending on

the density at the relevant part of the field-specific idea quality distribution. Ex ante expected

government costs S of a hypothetical ex post (after idea generation) support level of s will be:

E {S} = P (δ > λ)× s× n
27It would be straightforward to implement the assumption that the policymaker cares only about spillover

value.
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with a marginal cost of:

∂E {S}
∂s

=

[
P (δ > λ) +

∂c

∂s

α

c
P (δ > λ)s

]
× n =

[
P (δ > λ)− α

c
P (δ > λ)s

]
× n,

using the result in equation (34) in the Appendix. Note that this depends on the level of support

already granted. With no existing support—i.e. the subsidy reduces the cost at the margin—

this marginal cost simplifies to ∂E{S}
∂s = P (δ > λ)n.

This allows us to work out the IStraX for each technology field. It is the difference between

the marginal economic value less the marginal cost of the subsidy as a share of the marginal

subsidy:

IStraX =

(
∂E {V }
∂s

− ∂E {S}
∂s

)
×
(
∂E {S}
∂s

)−1

(18)

=
1 + 1

cE {SV (α− α× I{v > 2c}+ I{v < 2c}) |δ > λ}
1− α

c s
− 1. (19)

Section A illustrated how to derive estimates of α and c for each field. We estimate the expected

marginal economic value in technology field a as:

ˆE {SV (α− α× I{v > 2c}+ I{v < 2c}) |δ > λ}
∣∣∣
a,κ

=
1

#A

∑
i∈A

SVi × (αa − αa × I{vi > 2ca}+ I{vi < 2ca}) (20)

where A is the set of innovations assigned to technology a and #A denotes the size of that set.

We then compute IStraX as

IStraXa =
1 + 1

ca
ˆE {SV (α− α× I{v > 2c}+ I{v < 2c}) |δ > λ}

∣∣∣
a,κ

1− αa
ca
s

− 1

=
1

1− αa
ca
s

+
1

#A

∑
i∈A

1
ca
SVi × (αa − αa × I{vi > 2ca}+ I{vi < 2ca})

1− αa
ca
s

− 1 (21)

In the remainder of the paper we assume subsidies are used to reduce costs in the field at

the margin, so that s = 0, and the expression simplifies to:

IStraXa =
1

#A

∑
i∈A

1

ca
SVi × (αa − αa × I{vi > 2ca}+ I{vi < 2ca}) (22)
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C. IStraX Descriptive Results

The IStraX methodology delivers a ranking of technology fields by expected marginal returns to

subsidies. For this illustration, we estimate IStraX using equation (21) and group the innovations

into our 41 broad technology fields for the time window from 2005 to 2014. Figure 8 shows the

weighted average of c and α at the level of technological field in our time window. To show the

relationship between the distributions of private innovation value and the estimated parameters,

Figure 8 also reports the mean and 90th percentile of these value distributions. The figure orders

technologies by the estimated cost c of developing an innovation. It shows that there is a positive

relationship between estimated development cost and average private value. In particular, the

pharmaceutical and chemical fields rank highly on both measures. The relationship between cost

and private value is far from monotonic, however, because the curvature of the private value

distribution—the α parameter—varies by field.28

Figure 9 reports calculations of IStraX by technology field including global spillover values in

the marginal economic value estimate. We observe a rather different ranking of technology fields

from either the private or spillover value rankings that were shown in Figure 2 and Figure 3.

Categories such as Wireless, Robotics, Clean energy and AI are at the top of the IStraX ranking,

with returns to subsidies of more than 50%. For AI and Wireless, these high IStraX values are

due to relatively low estimated costs (they are ranked 32nd and 38th in Figure 8) in combination

with high spillover value (they are ranked 6th and 7th in terms of total global spillovers).

Telecommunications ranks 2nd in IStraX while having a lower spillover value (16th) and a

similar cost (34th). This can be explained by a relatively high value for α (7th) for this field.

This implies a large probability mass around the cost threshold, making the marginal subsidy

relatively effective at increasing innovation.

V. Using IStraX to guide Industrial Policy

The variation in IStraX across technology fields shown in Figure 9 implies considerable welfare

gains from targeting innovation subsidies according to field-specific return rates. In this section,

we turn to our policy design questions and analyze the variation in returns to subsidies implied

by IStraX across fields, both within and across countries.
28A lower value for α means a larger mass in the right tail of the private value.
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We start by discussing the case for targeting industrial policy towards high IStraX technology

fields within individual countries rather than subsidizing R&D in all fields by the same amount.

To quantify the maximum possible gains from within-country targeting by field, we perform a

simulation exercise that compares the returns from optimal targeting to those from a flat policy

for a given subsidy amount. We then analyze the extent to which historical return rates can be

used as predictors of the optimal targeting.

Next, we discuss the case for supranational coordination of industrial policy. We show

two patterns in the data that suggest industrial policy performed at the level of individual

countries is inefficient. First, most OECD countries internalize less than 15% of the spillover

value they create. Second, the country-level returns by field are much more positively correlated

across countries when returns are measured using global returns rather than only the returns

internalized within each country. To quantify the resulting inefficiency, we end with a simulation

exercise that compares return rates to an optimal industrial policy conceived at supranational

level (EU27, EU28, G7, OECD, and all of the above) to a combination of nationally optimal

policies.

A. The case for targeting by field within countries

Because industrial policy is typically designed and implemented at the country level, we first

examine what IStraX tells us about how a given country would direct subsidies to maximize

national welfare. To do this, we focus on a version of IStraX that includes marginal private

returns and marginal spillovers within country borders at the technology field level. For 64% of

patents in the data it is possible to locate at least one of the inventors in a country. For each

innovation in this subset, we can decompose marginal spillovers into the part that is realized

within the borders of the inventor’s home country and the part that is realized in other countries.

These localised spillovers are then aggregated to the technology field level by country, which,

when plugged into equation 21, gives a field-specific Internal IStraX that can be compared to

the Global IStraX described in Section IV.

Before looking at differences across countries, we first show that the share of spillovers that

are realized within country borders varies by technology field. As a result, the rankings of fields

by Internal IStraX vary from the ranking by Global IStraX. Figure 10 shows the ratio of Internal

to Global IStraX. This ratio is always less than one, because only a share of total spillovers are

realized within country borders, and there are substantial differences across fields. As much as

58% are realized internally for IT methods for management and as little as 27% for 3D printing.
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Next, we rank fields by Internal IStraX for each country in the data. Average Internal IStraX

across fields varies between countries, and the ordering of fields differs by country. Figure 11

provides some examples. This figure ranks fields by the Internal IStrax in the US. Also included

are the field-level Internal IStraX values for China, Germany, and the UK.29 The US and China

have mean Internal IStraX values of over 25%, whereas Germany’s mean value is much smaller,

at around 10%, and the UK has a mean value of 4%. In general, the larger the country, the

larger the average Internal IStrax across fields. All else equal, this suggests larger countries

realise higher national returns from any innovation subsidy.30

The fact that the lines showing the returns for China, Germany and the UK in Figure 11

are far from monotonic shows that the correlation of Internal IStraX at the field level across

countries is very low. In fact, many country pairwise correlations are negative and their absolute

value rarely exceeds 0.5. For example, the correlation between the US and China’s ranking of

technology fields by Internal IStraX is 0.41. Germany’s ranking is weakly positively correlated

with those of the UK (0.16) and the US (0.11) while it correlates negatively with that of China

(-0.41). The UK’s ranking is relatively strongly correlated with that of the US (0.62), but

weakly with those of China (0.18) and Germany (0.16). Differences in rankings imply there

are substantial benefits from tailoring industrial policy to the nature of country-level internal

returns. The fields that deliver the highest marginal returns in the US are Wireless, AI, and IT

methods for management. For China, they are IT methods for management, Telecommunications

and Wireless. For Germany, they are Clean cars, 3D printing, and Clean energy, and for the

UK, they are Wireless, Telecommunications, and Clean energy.

Internal IStraX offers national policymakers a way to direct subsidies, but how does this

ranking differ from other country-specific information policymakers can use? The ranking of

Internal IStraX across fields tends to be negatively correlated with the ranking of private values

on average across countries suggesting that subsidizing the fields that already produce high

private values would be relatively inefficient. We also construct an empirical measure of ‘Revealed

Technological Advantage’, or RTA. RTA is an indicator of relative specialization of a country

in a technology field and is calculated as the ratio of a country’s share of innovations in a

particular field to that country’s share in all fields. Figure 12 plots the difference in field ranking

between RTA and IStraX for the US, China, Germany, and the UK. A positive (negative)

difference implies a higher (lower) rank based on IStraX than based on RTA. In general, rankings

differ considerably between the two criteria, as can be seen by the large share of country-field

observations that appear outside the bounds of the dotted lines in the figure. 75 of the 164

29As for Figure 10, we are restricted to including innovations for which we can assign a country.
30These technology field rankings are available for all countries from the authors on request.
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country-field combinations in the overall data display a difference in rankings of 10 or higher.

For Germany, the correlation in Internal IStraX and RTA ranking is 0.59. It is 0.57 for the US,

and only 0.18 for China. This means that China obtains the highest domestic marginal returns

to innovations in technology fields where it is not particularly specialized.

We run a simple policy simulation to quantify the potential economic benefits from target-

ing innovation support within countries. Suppose each national government has a budget to

increase innovation activity in their country by 1%. It allocates subsidies according to one of

two scenarios: In the first, untargeted, scenario, each field receives subsidies proportional to

its size and thus innovation increases by 1% in each field. In the second, targeted scenario, the

budget again increases overall innovation by 1%. Now, however, subsidies are targeted according

to the ranking suggested by Internal IStraX—i.e. the estimated rate of returns retained within

the own country. It is important to note here that IStraX uses the spillover value of observed

innovations just above the estimated cost threshold to approximate those of innovations just

below the cost threshold. This approximation becomes less reliable for innovations far below

the cost threshold—i.e. those induced by a cost decrease due to a very large subsidy. To avoid

such unrealistic extrapolation, we allow the number of innovations in any one field to increase

by a maximum of 10%. As a consequence, the targeted policy will move down the field ranking,

subsidizing each field so as to induce an additional 10% of innovations, until overall innovation

has increased by 1%.

To what extent do targeted subsidies increase the rate of return? The blue bars in Figure 13

plot the increase in internal return rates under the targeted relative to the untargeted scenario

between 2005 and 2014 for eight major economies. Under the targeted policy, return rates are

at least 40% (Germany) and up to 90% (Italy) higher than under the ‘flat’ policy. For the

combined set of countries in the OECD, EU, and China, the (weighted) average increase in

returns by targeting is 58%. The orange bars in Figure 13 show the increase in global return

rates when moving from a flat policy to an internally targeted policy. Interestingly, internally

targeting benefits global returns as compared to no targeting at all for all countries except Italy.

For most countries, global returns do benefit from national targeting, but the increase is smaller

than for national returns. Across the board, nationally targeting subsidies would increase global

returns by 53%.

It is important to note that internal returns from nationally targeted policies cannot, by

definition, decrease the average returns to a subsidy. As such, the increase we calculate here

is an upper bound on the increase because it assumes the policymaker is able to predict the

ranking implied by ex-post realized IStraX. It quantifies the value of the ability to predict the
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field ranking of return rates. It is unclear, however, how predictable such a ranking is. To

shed light on this question, Figure 14 reports on a second simulation in which policymakers use

rankings produced by IStraX from the preceding decade to allocate the same total subsidy. The

red bars show the increase in return rates when subsidies are targeted using these historical

returns compared to a non-targeted policy that simply allocates subsidies according to the size

of the field, defined by the number of innovations it contained between 1995 and 2004. Across

all countries, the weighted average of the returns under such scheme are 43% higher than the

returns from non-targeted subsidies. That is, more than two-thirds of the increase attained by

the optimal targeting scheme would be attained using the historical information.31 But, the

predictability of IStraX based on historical IStraX varies by country. In fact, Italy would do

about 12% worse under historical targeting as compared to not targeting at all, while the US and

China would reap nearly all of the potential benefits from targeting. Overall, this shows that

the rankings implied by IStraX are relatively stable over time, and using historical information

does significantly better than not using any.

B. The Case for Supranational Industrial Policy

Figure 10 showed that Global IStraX by technology field is more than twice as large as Internal

IStraX. That is, less than one half of the marginal return to a field-specific subsidy is retained

within the country where the subsidy is received. This implies that national-level subsidies

will tend to be too low from a global welfare point of view. We now investigate the welfare

consequences of the national-level allocation of subsidies across technology fields rather than at

the global level. If the field rankings based on Internal IStraX aligned well with the rankings

based on Global IStraX, then directing subsidies locally may produce the highest possible returns

globally as well. However, the fact that the Internal IStraX rankings differ so much across

countries, as seen in Figure 11, suggests coordination across countries will lead to overall welfare

gains.

We start by analyzing variation across countries in country-level contribution to cross-border

spillovers. Figure 15 shows the value of knowledge spillovers created in each country on a per

capita basis. This is reflected in the total height of the bar for each country. The bar is divided

into those spillovers that are realized within a country’s border (the blue part) and those that

are realized in other countries (the yellow part). The countries are ordered in terms of the share

of spillover value that is realized within national borders (the height of the blue part of the bar

divided by the height of the total bar). Just as in Figure 11, where larger countries were shown
31The returns from the optimal targeting schemes here use the number of innovations in the previous decade

to allocate subsidies, and hence are not precisely the same as those in the previous figure.
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to have higher Internal IStraX, larger countries also internalize a larger fraction of spillover

value created. The Figure also reports the OECD and EU countries, when grouped together.

As expected, treating these country groups as one large area results in high shares of internally

retained spillovers.

Some countries have particularly high values of total spillovers on a per capita basis. Korea

and Japan generate the highest values, followed by Finland, Switzerland, Israel, the US, and

Sweden. Korea and Japan retain more than 40% of these spillovers within country borders, and

the fraction is much lower for the European countries, which are typically at 10% or less. The

lowest shares are found in Ireland and Iceland.

The low internalization rates in smaller countries suggests that Global IStraX for different

countries tends to be more similar than Internal IStraX shown in Figure 11. Figure 16 repeats

Figure 11 in the left panel and, in the right, shows the Global IStraX by field for the same

countries, the US, China, Germany, and the UK. Global IStraX for different countries is much

more similar in value than Internal IStraX, with average Global IStrax for the US, China, the

UK, and Germany at 0.69, 0.67, 0.56, and 0.45, respectively.

The second fact that emerges from comparing the two panels in Figure 16 is that the pairwise

correlations in rankings across countries is much larger for Global than for Internal IStraX. This

can be seen from the fact that lines on the right hand side of the figure are closer to each

other than on the left hand side. In fact, the pairwise correlation coefficients between the US,

Germany, and the UK are greater than 0.90. Each of these countries’ rankings is less correlated

with that of China, at 0.48, 0.38, and 0.47, respectively. But even these coefficients are much

larger than the equivalent figures for the Internal IStrax measures.

Finally, taking each country in turn, we investigate the difference in rankings between their

own Internal and Global IStraX ranks. The correlation between the two rankings is greater for

large countries, such as the US (0.90) and China (0.95), and less strong for smaller countries,

such as Germany (0.42) and the UK (0.41).

To quantify the potential benefits from supranational coordination, we design a second policy

simulation as follows. In a first scenario, each country uses Internal IStraX to rank fields and

assign subsidies (see scenario 2 in previous section). In a second scenario, national governments

instead use Supranational IStraX to make this ranking. We then compare supranational weighted

returns to subsidy for both scenarios. As such, this compares the returns to targeting subsidies

according to what is best for individual countries versus according to what is best from the

perspective of a supranational planner. In addition, we differentiate subsidy regimes by whether
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a country equality constraint is imposed. This equality constraint means that the supranational

planner is forced to assign subsidies to countries in proportion to their innovative activity.

Without this constraint, the planner is allowed to cherry-pick fields across countries without

ensuring that all countries are included in the subsidy program.

Figure 17 shows the increase in returns from a supranationally coordinated targeted subsidy

scheme relative to the national-level choices shown in the orange bars in Figure 13. The blue

bars are simulated using the constraint that all countries need to be included proportionately in

the subsidy scheme. Removing this constraint gives the orange bars in Figure 17. Coordination

increases returns by between 6% for the G7 and 12% for the OECD when the equality constraint

is imposed. Releasing this constraint starkly increases the benefits from coordination, suggesting

that some countries outperform others in terms of relative spillover intensity. An OECD-wide

optimal industrial policy has 29% larger returns than a combination of nationally optimal ones.

Under this scenario, the lion’s share of subsidies would go to the US, which would have about

77% of all subsidized innovations. 5% and 4% of subsidized innovations would be in Canada

and Korea respectively, while Israel would account for 3%. When comparing the OECD-wide

optimal industrial policy with the equality constraint to those that are nationally optimal, we see

large variation across countries in the within-country returns lost from coordination. China, US,

Japan, Korea, UK, Canada, Sweden, and Finland lose not more than 5% from a coordinated,

targeted policy. A lot more is lost in countries like Germany (−30%), Switzerland (−61%), Italy

(−67%) Denmark (−72%), and Greece (−91%). This comparison shows that while coordination

has clear benefits, coordinating supranational policies to achieve the highest global returns would

require countries to forgo differing shares of their potential within-country spillovers.

Taken together, the results in this section make a clear case for supranational coordination

of industrial policy. Directing subsidies to the technology fields where supranational (or global)

marginal returns are highest, rather than where country-level returns are highest for individual

countries, would generate large welfare gains.32

VI. Conclusion

This paper develops a framework to value both direct and indirect knowledge spillovers, resulting

in a new way to quantify the total economic value of patented innovations. Versions of the new

measure can be used to differentiate between global and national knowledge flows. We use

estimates of private and spillover returns to assess the marginal returns to government subsidies

in different sectors or technology fields.
32The variation across countries in the extent to which the optimal supranational policies align with the optimal

national policies suggests coordination would require transfers between countries.
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We apply our methodology to evaluate the merit of targeted support by government for

specific technology fields. Varying degrees of knowledge spillovers between different fields justify

such policies, and identifying the set of sectors that deserve special government attention is an

empirical question. This paper shows that there is indeed substantial and statistically significant

variation in the social returns to government support and, hence, large gains from targeting.

We find that the set of technologies or sectors that merit most support varies greatly from

country to country. It also depends on the desired level of internalization of externalities within

country borders. Hence, the results provide a starting point for a discussion about specific

national, supranational, or even subnational designs of industrial policy. The framework also

suggests a set of indicators that could be computed on a continuous basis to monitor and evaluate

existing subsidy schemes.

A number of caveats to our returns measures warrant attention. First, knowledge that is not

embodied in patents is excluded, and we capture only the value of spillovers that are ultimately

reflected in private values. Other externalities, such as the effect on inequality or the impact

on the environment, are also not considered. Another caveat is that these estimates of private

and spillover values are subject to the effects of differences in local institutions. Patent systems

are themselves distorting, and some national systems may permit more or less private benefit

capture. Other factors such as local industry structure and local regulation of prices affect

patents’ private values. However, our framework is flexible enough to account for some of this in

future work. A useful extension would be to integrate country-specific estimates of the private

value of innovations, for instance.

The assumptions made about the magnitudes of the model parameters σ, the intensity with

which prior knowledge contributes to the innovation production function, and φ, the weight

given to each citation, can be varied in straightforward ways and our investigations suggest the

rankings of fields based on returns would not be not materially affected. The field-time-specific

structural estimates of δ, α, and c, idea quality, the shape of the quality distribution, and the

idea development cost, respectively, are all consequences of the modeling assumptions, and, in

particular, the assumption that the idea quality distribution is Pareto. This choice reflects the

observed skewness of the private value distribution in KPSS, but comparing the results under

other distributional assumptions is quite feasible.
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The large variation in estimated returns by field, globally and nationally, supports the main

conclusions that there is significant upside from targeting subsidies to specific fields and co-

ordinating across countries. In doing so, our method may mitigate the information problems

that policymakers face by providing guidance about where social returns to subsidies would be

highest. At a minimum, our results show that large welfare benefits could result from solving

information and coordination problems when devising an industrial policy for innovation.
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Tables and Figures

Table 1: Citations received and made by the 15m innovations from 2005 to 2014

Variable Mean S.D. Min. 25th pct. Median 75th pct. Max.

Citations received (2005-2014) 1.47 5.16 0 0 0 1 1534

Foreign citations received 0.54 2.95 0 0 0 0 1522

Out-of-field citations received 0.14 0.79 0 0 0 0 889

Citations given 4.50 15.03 0 0 0 5 4261

Foreign citations given 1.76 6.66 0 0 0 1 1412

Out-of-field citations given 0.51 3.10 0 0 0 0 871

Notes: Summary statistics of citations given and received by patents in our 2005-2014 sample. Citations received
are calculated within the 2005-2014 window, thus excluding citations from post-2014 patents. Citations given
are calculated based on the full citation network (self-citations are omitted). A citation is classified as ‘foreign’
when all inventors on the cited invention live in a different country than all inventors on the citing innovation.
A citation is classified as ‘out-of-field’ when the citing and cited innovation have no overlapping technological
fields.
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Table 2: Citations received and made—By field

Field N Cit.
received

Foreign
(%)

Outs.
field (%)

Cit.
given

Foreign
(%)

Outs.
field (%)

All 15068373 1.47 36.96 9.36 4.50 39.17 11.38
3D Printing 3711 3.21 55.72 6.99 13.16 52.83 13.22
Aerospace 37566 2.40 49.52 8.89 11.72 46.12 10.58
Artificial Intelligence 423875 5.13 42.42 5.75 13.84 39.57 8.67
Audio-visual technology 854000 2.57 47.02 8.64 6.99 45.43 10.47
Basic materials chemistry 468833 1.90 35.89 7.66 6.58 40.88 10.63
Biotechnology 280507 1.87 40.37 7.19 7.18 42.81 8.72
Chemical engineering 604876 1.29 36.21 10.94 5.12 41.36 12.97
Civil engineering 950047 0.96 28.18 8.87 3.66 33.26 10.87
Clean 860201 2.13 40.89 6.16 5.65 43.64 8.59
Clean Cars 134369 2.68 46.18 3.97 7.00 45.71 6.23
Clean Energy 286597 2.19 42.59 5.52 5.80 45.63 8.25
Computer technology 1260298 3.72 44.02 6.52 9.76 42.57 9.22
Electrical machinery, apparatus, energy 1571138 1.67 41.73 7.44 4.63 43.21 9.75
Engines, pumps, turbines 512535 1.44 45.43 6.90 5.25 45.49 9.54
Environmental technology 408289 1.28 32.15 9.18 4.18 38.38 11.27
Food chemistry 340516 1.15 20.69 6.38 3.09 31.84 9.24
Furniture, games 773557 1.07 32.41 9.93 4.21 33.29 12.85
IT methods for management 270844 3.34 31.99 8.42 9.17 31.44 10.97
Instruments - Control 496028 2.40 39.05 12.35 6.81 39.69 14.77
Instruments - Measurement 1016795 1.78 39.59 10.65 5.47 42.72 12.64
Instruments - Medical technology 764405 1.94 38.67 6.27 8.72 36.60 9.17
Instruments - Optics 651098 2.12 42.35 7.83 6.13 41.10 8.40
Instruments for analysis of biological materials 126052 1.89 41.69 9.48 7.64 43.12 11.82
Machine tools 755955 1.12 30.72 8.78 4.23 37.97 11.80
Macromolecular chemistry, polymers 295250 1.86 34.74 8.37 6.70 40.67 8.92
Materials, metallurgy 462932 1.47 30.47 9.38 4.33 38.07 9.74
Mechanical elements 721297 1.09 40.33 10.88 4.68 41.22 11.82
Mechanical engineering - Handling 702733 1.04 34.46 11.81 4.56 37.50 13.96
Micro-structural and nano-technology 61855 3.11 48.98 10.44 9.30 49.15 13.73
Organic fine chemistry 350544 2.06 46.02 5.63 7.71 47.44 8.30
Other consumer goods 597644 1.02 38.44 10.54 4.10 38.58 13.20
Other special machines 799790 1.23 32.76 9.15 4.76 37.71 11.70
Pharmaceuticals 448871 1.71 41.17 5.98 6.39 45.29 8.18
Robotics 6901 3.77 53.82 10.13 14.07 49.71 14.92
Semiconductors 648011 2.71 50.07 6.16 7.45 48.54 7.87
Surface technology, coating 434973 1.99 41.13 10.48 7.22 41.97 13.29
Telecommunications 1192531 3.16 46.54 6.46 7.78 45.92 8.29
Textile and paper machines 390936 1.30 30.19 9.52 4.85 37.00 11.16
Thermal processes and apparatus 484073 1.08 33.29 9.45 3.81 38.32 12.07
Transport Technologies 905516 1.40 42.36 7.34 4.89 42.66 9.12
Wireless 169415 5.81 57.92 4.05 12.54 53.67 6.56

Notes: Breakdown by field of citations given and received by patents in our 2005-2014 sample. Citations received
are calculated within the 2005-2014 window, thus excluding citations from post-2014 patents. Citations given
are calculated based on the full citation network (self-citations are omitted). A citation is classified as ‘foreign’
when all inventors on the cited invention live in a different country than all inventors on the citing innovation.
A citation is classified as ‘out-of-field’ when the citing and cited innovation have no overlapping technological
fields.
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Table 3: Citations received and made—By country

Country N Cit.
received

Foreign
(%)

Outs.
field (%)

Cit.
given

Foreign
(%)

Outs.
field (%)

All 8799832 2.28 39.81 8.92 7.11 41.30 11.22
AT 35893 1.87 73.81 7.11 9.49 75.29 7.91
AU 31301 3.28 75.59 8.68 13.13 74.19 10.37
BE 26335 3.16 75.64 7.62 12.88 72.81 9.22
BG 2828 1.40 74.02 6.67 5.23 77.01 9.25
CA 100670 4.59 70.72 7.83 14.55 66.61 11.28
CH 59102 2.79 71.06 6.47 11.21 70.18 8.45
CL 2222 1.17 69.03 11.00 7.15 75.27 15.32
CN 2430151 1.49 13.75 12.60 2.20 43.89 11.51
CY 302 2.41 68.36 6.88 9.91 68.82 8.46
CZ 22404 0.65 67.57 7.16 3.32 71.36 9.83
DE 540547 1.91 58.86 6.51 8.51 60.70 8.64
DK 22268 3.01 80.04 6.07 11.07 77.38 8.42
EE 1570 1.50 71.64 6.64 6.35 75.80 8.01
ES 59982 1.02 73.43 6.98 5.16 75.82 8.13
FI 34646 3.68 86.91 5.57 8.40 82.63 7.26
FR 184891 2.01 73.47 6.44 8.87 73.78 8.59
GB 138556 3.35 71.98 6.81 12.86 69.23 9.15
GR 4940 1.40 72.51 6.28 5.42 74.19 8.93
HR 2131 0.82 75.63 7.63 3.05 76.26 6.78
HU 8646 1.36 76.20 6.24 5.04 73.87 7.54
IE 10627 3.54 69.70 7.82 13.95 66.37 10.51
IL 40462 5.17 77.30 7.85 18.12 78.75 11.21
IS 621 4.07 73.27 7.47 23.06 61.81 13.72
IT 69907 2.10 76.54 6.84 9.24 73.80 8.56
JP 2428855 1.86 39.06 6.57 4.81 25.25 7.83
KR 1203109 1.16 50.15 9.31 3.00 65.14 10.67
LT 1103 0.79 58.76 10.71 5.00 77.27 11.61
LU 1934 2.52 73.63 7.03 11.00 72.57 9.35
LV 1692 0.63 65.08 8.19 2.36 72.45 8.56
MT 258 2.26 77.15 6.53 8.24 77.53 9.40
MX 11343 1.00 62.63 10.01 5.10 61.07 12.01
NL 63786 2.69 77.33 7.02 10.17 75.62 8.83
NO 12478 2.73 75.81 7.01 10.27 72.65 9.29
NZ 6107 3.21 74.81 7.67 12.69 72.02 11.19
PL 39915 0.29 67.76 7.53 1.35 74.71 8.64
PT 4464 1.20 77.53 8.03 5.09 79.84 10.82
RO 8690 0.69 62.40 7.13 3.05 67.32 11.50
SE 44554 3.65 84.66 5.18 11.45 80.09 7.78
SI 4194 0.88 81.85 6.85 4.15 79.55 8.23
SK 4840 0.53 75.25 6.96 2.72 77.19 8.63
TR 30571 0.33 64.80 8.18 1.69 76.30 8.74
US 1394587 5.26 34.88 9.59 20.45 29.24 13.76

Notes: Breakdown by country of citations given and received by patents in our 2005-2014 sample. Sample
includes China and all countries in the OECD or the EU. Citations received are calculated within the 2005-2014
window, thus excluding citations from post-2014 patents. Citations given are calculated based on the full citation
network (self-citations are omitted). A citation is classified as ‘foreign’ when all inventors on the cited invention
live in a different country than all inventors on the citing innovation. A citation is classified as ‘out-of-field’ when
the citing and cited innovation have no overlapping technological fields.
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Table 4: Variation in KPSS private value explained by patent characteristics

Obs. Mean S.D. Min. 25th pct. Median 75th pct. Max.

KPSS 584561 8.41 19.2 0.00022 0.66 3.32 8.73 1640.1
KPSS predicted model 1 584561 8.41 0.59 7.64 7.77 8.28 9.15 9.28
KPSS predicted model 2 584561 8.41 2.78 5.19 6.63 7.88 9.36 23.9
KPSS predicted model 3 584559 8.41 3.23 2.62 6.31 8.19 9.90 26.3
KPSS predicted model 4 583525 8.40 7.07 -3.81 4.50 7.28 10.1 165.5
KPSS predicted model 5 359308 7.52 10.0 0.0038 2.36 5.61 9.44 841.4

Notes: Summary of the variation in KPSS private values explained by various patent statistics. First row shows
summary statistics of the KPSS values of patents in our sample. Second to sixth row shows summary statistics
of the predicted KPSS values from OLS regressions of KPSS values on patent characteristics. Model 1 includes
the filing year of the first patent in the family only. Model 2 adds 15 patent family size dummies (14 for each
family size up to 14, and one for family size equal or greater than 15). Model 3 adds 20 claim count dummies
that reflect 20 quantiles of the claim count distribution. Model 4 adds dummies for membership to 8,212 IPC
groups. Model 5 includes interacted fixed effects of for each of these four patent characteristics (77,677 fixed
effects).

Figure 1: Scatter plot various sigmas
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Notes: Scatter plot comparing spillover values of innovations with varying values for σ. To ease computation of
this graph, a random sample of 1000 innovations is used. Correlation measures are based on the full population.
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Figure 2: Private Values by Technology Field, all 2005-2014 Innovations
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Notes: The average private values in millions of CPI-adjusted 2005 US dollars (x-axis) by technology field (y-
axis). The width of each bar represents the number innovations in the field. The area of each bar represents the
technology field’s total private value (in billion USD) and is printed next to y-axis labels.
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Table 5: Distributions P-Rank: Private (PV ) and spillover Value (SV )

V (P-Rank) PV SV SV direct SV indirect

Mean 17.0 15.4 1.59 1.42 0.17
S.D. 17.5 16.3 5.37 4.64 1.10
Min 0.00019 0.00018 0 0 0
P1 0.060 0.037 0 0 0
P5 0.61 0.15 0 0 0
P10 1.61 0.73 0 0 0
P25 4.92 3.81 0 0 0
P50 14.0 12.8 0 0 0
P75 22.6 21.0 1.10 1.01 0
P90 34.4 31.5 4.32 3.94 0.26
P95 45.9 42.3 7.96 7.16 0.75
P99 85.2 78.5 21.6 18.9 3.33
Max 2028.9 558.4 1969.5 1939.0 241.7

Notes: Summary statistics of P-Rank and its components. All values are in million CPI adjusted 2005 US dollars.
The sample consists of 15,068,373 patent families applied for between 2005 and 2014. First column describes
V in equation (5), i.e. the total value of an innovation. The second column shows the distribution of private
values. The third column shows the distribution of SV (the value of spillovers to all geographic areas and all
technology fields in the 2005-2014 period). The fourth column shows the distribution of spillovers to innovations
that directly cite the focal innovation. It results from running the algorithm described in section III B for one
iteration. The fifth column shows the distribution of spillovers to innovations that are at least two degrees away
in the citation network. It results from subtracting direct spillovers from total spillovers.
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Figure 3: Spillover Value by Technology, all 2005-2014 Innovations
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Notes: The average global spillover value of innovations in millions of CPI-adjusted 2005 US dollars (x-axis) by
technology field (y-axis). The width of each bar represents the number innovations in the field. The area of each
bar represents the technology field’s total spillover value (in billion USD) and is printed next to y-axis labels.
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Figure 4: Joint distribution spillover Value (SV) and Forward citation count
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Notes: Visual cross-tabulation of decile bins for SV and forward citation counts. The y-axis and x-axis represent
decile bins (higher decile denotes higher score) for global spillover Value (SV ) and forward citation counts within
the time window of our analyses. For forward citation counts, the first decile bin comprises all innovations with
1 citation, and the fifth decile bin comprises all innovations with two citations. The size of the circles represents
the number of innovations. Before assigning decile bins, we exclude all innovations (60.1% of our population)
that were not cited (resulting in a value of zero for both measures).

Figure 5: spillover values by Innovation Groups

0 2 4 6 8 10 12 14

Gnomes (4) MM296.3

IllusoryGiants (3) MM3493.4

HiddenGiants (2) MM13051.6

RealGiants (1) MM7171.8

On diagonal Off diagonal

Notes: Diagram of average global spillover value (SV ) in millions of CPI-adjusted 2005 US dollars (x-axis) for
‘Hidden Giants’, ‘Illusory Giants’, ‘Gnomes’ and ‘Real Giants’. Hidden Giants (resp. Illusory Giants) are defined
as inventions above (resp. below) the diagonal of decile bins in Figure 4. Gnomes (resp. Real Giants) are
inventions on the diagonal belonging to decile bins 1-5 (resp. 6-10) for both measures. The area of the bars
represent the total global SV generated by the category (in billions), and is plotted next to the y-axis labels.
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Figure 6: Relative share university - Hidden Giants groups
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Notes: Diagram of relative share of university patents (x-axis) for ‘Hidden Giants’, ‘Illusory Giants’, ‘Gnomes’
and ‘Real Giants’. Hidden Giants (Illusory Giants) are defined as innovations above (below) the diagonal of decile
bins in Figure 4 showing the joint distribution of the spillover value from P-Rank and forward citations. Gnomes
(Real Giants) are innovations on the diagonal belonging to decile bins 1-5 (6-10) for both measures. The relative
share is calculated as (share university innovations in a category)/(share university innovations in total) - 1.

Figure 7: Actual vs modeled private value distributions
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(b) Organic fine chemistry
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Notes: Comparison of actual and modeled private value distributions for the two fields with the lowest (a) and
highest (b) estimated cost. The histogram plots actual private value distribution in the field, and the blue line
shows the modeled density. Cost (c) and alpha (α) are estimated for each field and year combination. Plotted
examples are based on the year 2010.
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Figure 8: Model parameters and PV estimates by technology field, 2005-2014 innovations
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Notes: Diagram of various estimates relevant to the calculation of the IStraX indicator. The blue line shows
the estimated cost (in millions of CPI-adjusted 2005 US dollars) of pursuing an innovation idea by technology
field (y-axis). The green and dashed lines show the mean and 90th percentile of the estimated private returns
distribution in each field (in millions of CPI-adjusted 2005 US dollars). The pink line shows the estimate of α
for each technology field. Calculations are based on innovations for which a patent application was filed in the
period 2005-2014.
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Figure 9: Global IStraX by Technology - All 2005-2014 Innovations
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Notes: Diagram of the rate of return to a subsidy as estimated by IStraX based on global spillover values (y-axis).
The width of each bar represents the number of innovations in the field.
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Figure 10: Internal IStraX over Global IStraX by Technology, 2005-2014 Innovations
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Notes: Diagram of the internal over global rate of return to a subsidy as estimated by IStraX. The width of each
bar represents the number innovations in the field.
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Figure 11: Internal IStraX by Technology and Country, 2005-2014 Innovations

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Textile and paper machines
Macromolecular chemistry, polymers

Food chemistry
Chemical engineering

Civil engineering
Aerospace

Mechanical engineering - Handling
Mechanical elements

Basic materials chemistry 
Materials, metallurgy

Other special machines
Machine tools

Environmental technology
Engines, pumps, turbines

Thermal processes and apparatus
Surface technology, coating

Other consumer goods
Transport Technologies
Organic fine chemistry

Pharmaceuticals
3D Printing

Biotechnology
Instruments for  analysis of biological materials

Instruments - Optics
Furniture, games

Instruments - Medical technology
Robotics

Clean Cars
Electrical machinery, apparatus, energy

Micro-structural and nano-technology
Instruments - Measurement

Clean Energy
Clean

Semiconductors
Instruments - Control

Audio-visual technology
Computer technology
Artificial Intelligence
Telecommunications

IT methods for management
Wireless

US CN DE GB

Notes: Diagram summarizing internal rates of return to a subsidy as estimated by IStraX (x-axis) for the US,
China, Germany, and the UK. Each line represents a country, and the x-axis shows Internal IStraX, calculated
as in equation 21 where use spillovers realized within the country for SV . Size of the circles represents the share
of innovations in the field within the country. Fields on the y-axis are ordered by IStraX values of the United
States.
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Figure 12: Comparison internal IStraX and RTA
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Notes: Comparison of technological field rankings (y-axis) according to internal IStraX and RTA using all
innovations in time window 2005-2014. Values on the x-axis are the difference between rankings according to
RTA and IStraX. Values above (below) 0 indicate that the field in the country ranks higher (lower) based on
IStraX than based on RTA. Size of the circles represents the share of innovations in the field within the country.
Fields on the x-axis are ordered by the rank difference of the United States.

Figure 13: Policy simulation, benefits from targeting subsidy within country.
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Notes: Results from policy simulation of targeted industrial policy compared to an equivalent subsidy that does
not distinguish by technology field. The y-axis shows the relative increase in rates of return that accrues from
targeted industrial policy as compared to subsidizing all fields according to their size (defined by the number of
innovations between 2005 and 2014). Blue bars refer to internal rates of return. Orange bars refer to global rates
of return.
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Figure 14: Policy simulation, benefits from targeting within country based on historical IStraX
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Notes: Results policy simulation targeted industrial policy based on historical IStraX. The y-axis shows the
relative increase in rates of return that accrues from targeted industrial policy as compared to subsidizing all
fields according to their size (defined in this figure as the number of innovations between 1995 and 2004). Red
bars refer to the relative increase in internal rates of return in the 2005-2014 sample using IStraX in the 1995-2004
sample to rank technology fields. Grey bars repeat this when using IStraX in the 2005-2014 sample to rank fields.

Figure 15: National and international spillovers by country
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value (left y-axis) and share of spillover value internalized (right y-axis) using all innovations in time window
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Figure 16: IStraX by Technology and country

(a) Internal IStraX
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Figure 17: Policy simulation, benefits from supranational coordination at country group level

EU27 EU28 G7 OECD OECD+EU+CN
0

5

10

15

20

25

30

In
cr

ea
se

 in
 re

tu
rn

s f
ro

m
 su

pr
an

at
io

na
l c

oo
rd

in
at

io
n 

(%
)

Equality constraint
No equality constraint

Notes: Results policy simulation on the benefits of supranational coordination relative to national-level optimal
targeting. The y-axis shows the relative increase in rates of return that accrues from supranationally coordinated
as opposed to nationally optimal industrial policy. The returns to subsidy are calculated from spillovers retained
within the country group reported for both scenarios. Blue bars refer to the case where each country is required
to receive subsidy proportional to its size (number of innovations). Orange bars refer to the case without such
constraint.
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Appendix

A. Estimating the Private Value of Innovation

This appendix describes the methodology used to estimate PVi, the private value of innovation

i. Our method involves predicting the estimates in KPSS using the detailed set of innovation

characteristics that are observed for our population of innovations. The predictors use infor-

mation on technological classification, time of patent filing, the family size—i.e. the number

of patent applications filed in relation to the innovation—and the number of claims in its first

patent grant. As this information is available for (nearly) all patented innovations, this approach

allows us to extrapolate from the KPSS stock-market-based estimates. The results suggest that

our extrapolation models capture a considerable amount of heterogeneity in the private returns

to innovation.

A.1. Estimating private value using stock market reactions

We use the methodology developed in KPSS to measure the private value of an innovation.

In this section, we give an overview of the event study design KPSS employ to obtain these

estimates, referring to their paper for a more detailed description.

Suppose PVi captures the monopoly rents from exploiting the innovation patented in i. In

the absence of any other news, the stock market reaction to the patent grant event is equal to

∆Wi = (1− πi)PVi, (23)

where ∆Wi is equal to the difference of a firm’s value before and after the moment patent i is

granted. πi is the ex ante probability of any patent being granted conditional on it being public

knowledge that the patent application has been made. This expression reflects the assumption

that the market knows the value of patent i prior to granting. The day the patent is granted,

the firm’s market value increases by the fraction of the inherent value already known by the

market corresponding to the relaxation of the probability that the patent would not be granted.

Expression (23) allows us to calculate PVi = ∆Wi
(1−πi) given an assumption about the ex-ante grant

probability. πi is assumed to be 56% for all patents i, which is the grant rate of US patents

between 1991-2001.
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The observed stock market return of any firm might incorporate general movements of the

market and unrelated events that might affect stock market returns of the patenting firm. To

isolate firm-specific returns that are due to the patent grant, a ‘market-adjusted-return model’

is used, as in Campbell, Lo, and MacKinlay (1997). It specifies the firm’s idiosyncratic return

Ri (i.e. a firm’s return around the event minus the return on the market portfolio), as:

Ri = vi + ei, (24)

where vi is the portion of the return associated with the patent grant event and ei is the return’s

component due to unrelated news around the event date. Replacing ∆Wi with the product of

the expected value of Wi conditional on the observed Ri, and the market capitalization Mi of

the firm on the day prior to the event, expression (23) can be rewritten as

PVi = (1− π̄)−1E[vi|Ri]Mi. (25)

In their preferred specification, KPSS assume a normal distribution for ei and a normal

distribution truncated at zero for vi. The variance of ei, as well as the signal-to-noise ratio

(the variance of the distribution of vi divided by the sum of the variances of vi and ei) is

estimated from the data (the former is allowed to vary by firm; the latter is assumed constant).

These parameter estimates allow calculating private values for a set of 1, 801, 879 patent grants

published at the USPTO, spanning a longer time frame than the 2005 to 2014 innovations in

our sample.

A.2. Extrapolating to the population

As we are interested in the population of innovations, we extrapolate the private value estimates

from stock market reactions to all patents in our population—including those for which a KPSS

value is available. To do this, we employ a set of patent characteristics that are plausible

predictors of private value.

We start by downloading the KPSS set of private values (version 4, September 6, 2020) and

linking them to PATSTAT patent family identifiers using the patent publication number. Some

patent families contain multiple US patents in the KPSS set, which means they receive multiple

estimates for their private value. About 11.2% of the patents in KPSS belong to such a family.

We obtain a family-level estimate by taking the average for these cases. In a second step, we

collect information on the predictors for our population of patent families (all families applied

for between 2005 and 2014 that can be assigned to a technological field). Specifically, we obtain
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each family’s IPC classes33, the application filing year of its first application, the number of

patent applications in its family34, and the number of claims for its first publication where it is

available. This results in a data set of 15, 068, 373 patent families, 584, 429 of which have been

assigned a KPSS private value.

The use of our particular set of predictors will result in eventual estimates of private values

that depend on the technological classes an innovation was assigned, its timing, the number

of patent applications in its family and the number of claims. While it is quite clear why an

innovation’s private return is a function of its technological content reflected by classes, and of

its timing, the latter two predictors might require more motivation. An innovation might result

in multiple patent applications when the innovator is interested in obtaining patent protection

across different jurisdictions.35 Because each patent application incurs a cost, more valuable

innovations can be argued to result in more patent applications. Therefore, the number of

applications associated with an innovation is a value measure available for each innovation in

the population (Harhoff et al., 2003). The number of patent claims has been argued to correlate

with an invention’s breadth (and therefore potential profitability) and found to correlate with

its private returns (Tong and Frame, 1994; Lanjouw and Schankerman, 2004).

We assume that the KPSS value provides a noisy but unbiased estimate of the true value of

an innovation. Our task, then, is to impose a functional form on the set of predictors that closely

reflects the KPSS estimate. Ideally, we would not impose overly stringent assumptions on the

shape of relationship between the direct and interacted predictors of the KPSS estimates. One

approach, therefore, is to run a regression of KPSS values on multiple levels of (interacted) fixed

effects of highly detailed binned versions of the predictors. Not each of these bins, however,

would have (enough) KPSS patents to (reliably) make a prediction. Making the bins large

enough so that each family can be assigned a prediction, however, would result in crowded bins

(and less precises estimates) for innovation types well-covered in KPSS.

To circumvent having to specify (broad) bins in a fixed-effects regression framework, we

design a simple iterative algorithm to extrapolate KPSS values to our population. The principle

is to use a more detailed binning for our predictors where the data allow us to do so, and

gradually decrease the granularity of the bins in order to cover an increasingly comprehensive

set of innovations. We start with assigning innovations to bins defined by the combination of
33That is, all IPC classes any of its patent applications was assigned to.
34Using PATSTAT’s DOCDB family definition. This definition assigns patent applications to families based

on whether they share the same set of priority application filings.
35Geographical scope of patent protection is the most important reason one invention results in multiple patent

applications. Additionally, one invention might be related to multiple patent applications filed for at one and the
same patent authority because of so-called continuing applications (e.g. continuations, continuations-in-part or
divisional applications).
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IPC groups (8212), filing year (10), family size quantiles (10), and number of claims quantiles

(6). This results in 4,927,200 potential bins assigned to innovations. When a bin has at least

10 KPSS values, we assign the weighted36 average of these KPSS values to the bin. In the

second iteration, we decrease the granularity of the bins and repeat the process. We do so until

each innovation only belongs to bins that have assigned KPSS values. Table A1 shows the bin

definitions and the fraction of the innovations belonging to each bin. In the final step, we assign

private values to innovations based on the most detailed bin to which it belongs. If an innovation

has multiple IPC classes (hence multiple bins), we take the average value of the most detailed

bin for each class. Note that, for each bin definition, we use all the KPSS values available to

compute the weighted average for that bin. By doing this, we use all the information available

for each bin definition.

Innovations that were not granted any patent (but filed for an application) are assigned a

private value based on the probability, as of end 2017, which is the last year fully observed in our

data, that they will be granted a patent in the future. While a patent that is not ever granted

arguably does not create any private returns, we cannot rule out that a patent application filed

in, say, 2013 will receive a grant in 2021. We do not observe this grant in the data, and therefore

would wrongly assume it has no private value. To solve this issue, we weight the private value

estimated for non-granted patents by the probability that they will still be granted as of end 2017.

To estimate this probability, we use all families with an earliest application in the year 1998. If

we assume that 20 years is an upper bound on the time to be granted, we can use this sample

to infer the overall grant probability of patent applications, and hence the probability that, at

any time after 1998, the application will be granted in the future.37 For each year after 1998,

we calculate the probability the application will receive a patent in the future. We then turn to

our sample of innovations and subtract the application year from 2018 to get the corresponding

relative year for patents in our sample. We use the probability of future patent grant, obtained

from the 1998 sample, to estimate the future grant probability as of 2017. Private values for

non-granted patents are weighted by this future grant probability.
36If a KPSS patent i has Ni classes, its KPSS value PVi will count for Ni bins. We calculate the weighted

average for bin B as
∑

i∈B
1

Ni
PVi∑

i∈B
1

Ni

.
37Of the 863,945 families applied for in 1998, just 271 (or 0.03%) are granted post-2013 and 19 (or 0.002%) in

2017, suggesting it is extremely unlikely that many of those families will still realize a grant after the end of our
database.
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Table A1: Overview bin definitions extrapolation

Definition bin
Fraction

families in bin

Correlation

to KPSS values

Correlation (in logs)

to KPSS values

(1)
IPC Group X Year

X Family Size X Claims Count
7.78% 0.47 0.59

(2)
IPC Group X 2 Years

X Family Size X Claims Count
1.53% 0.58 0.62

(3)
IPC Group X 5 Years

X Family Size X Claims Count
1.83% 0.61 0.62

(4)
IPC Subclass X Year

X Family Size X Claims Count
1.03% 0.60 0.60

(5)
IPC Subclass X 2 Years

X Family Size X Claims Count
0.57% 0.69 0.59

(6)
IPC Subclass X 5 Years

X Family Size X Claims Count
0.69% 0.60 0.59

(7)
IPC Group X Year

X Family Size
39.2% 0.66 0.53

(8)
IPC Group X 2 Years

X Family Size
9.56% 0.67 0.51

(9)
IPC Group X 5 Years

X Family Size
13.38% 0.54 0.57

(10)
IPC Subclass X Year

X Family Size
10.63% 0.51 0.51

(11)
IPC Subclass X 2 Years

X Family Size
4.22% 0.64 0.50

(12)
IPC Subclass X 5 Years

X Family Size
4.51% 0.59 0.60

(13)
Year X Family Size

X Claims Count
0.18% -0.016 -0.022

(14)
2 Years X Family Size

X Claims Count
0% N/A N/A

(15)
5 Years X Family Size

X Claims Count
0% N/A N/A

(16) Year X Family Size 4.26% N/A N/A

Notes: Overview of the various bin definitions used in the extrapolation process, ordered by decreasing granu-
larity. These bin definitions correspond to different iterations of the extrapolation algorithm. In each iteration,
bins with 10 or more KPSS values are assigned an extrapolated private value using the weighted average of
KPSS values in that bin. Private values are assigned to innovations based on the most granular bin (which has
been assigned a value) they belong to. If an innovation belongs to multiple bins (because of having multiple IPC
classes), the average of the (most granular) bins is assigned as private value. The first column defines the bin as
a combination of the categorical predictors (cfr. a set of fully interacted fixed effects). The second column shows
the fraction of all innovations in our sample that were assigned a value based on the bin definition. In cases
with multiple bins, we count the innovation with the most granular bin. Columns 3 and 4 show the correlation
between KPSS values and extrapolated values (logged in case of column 4) for innovations in the bin that have
a KPSS value. For the last three bin definitions, no such families exist.
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A.3. Extrapolation Descriptive Results

In this section, we examine the fit between our extrapolated private values and those in KPSS. It

is important to note here that the KPSS values do not present us with actual private returns to

innovation. Indeed, KPSS filter out the expected value of the patent grant based on distributional

assumptions of both the true value of the innovation and the value of unrelated news around

the patent grant. While this expected value is plausibly close to the true value for any group of

innovations, it is likely to contain significant noise at the level of individual innovations. This

was also the primary reason for us to only assign the KPSS values to bins with at least 10

observations. That being said, it is instructive to compare the extrapolated values to KPSS in

order to ensure that our predictors are able to capture variation present in KPSS estimates.

In a first step, we examine correlations between extrapolated values and KPSS values for

innovations that have both (584,429 in our time window). The overall correlation amounts to

0.51 for the ‘raw’ values, and 0.60 when first taking the natural logarithm. The latter is less

sensitive to the extreme outliers in KPSS. Table A1 examines these correlations for each binning

definition. Reassuringly, the bulk of the innovations is assigned a private value based on bins for

which this correlation is between 0.47 and 0.67 (0.50 and 0.62 when taking logs first). Only one

category, representing less than 0.2% of the population, is in a category with a poor correlation

of -0.016 (-0.022 after logging). We take this as evidence that the fit between the extrapolated

value and actual KPSS values does not depend strongly on which binning definition we use. In

addition the overall fit seems satisfactory, especially when considering that KPSS values may

contain considerable noise.

To rule out that these correlations are artificially high because of over-fitting, we excluded

a test sample of 11,885 from the population of KPSS values before performing the extrapola-

tion procedure. The correlation in this test sample is 0.40 (0.54 when logging first), which is

smaller but close to the correlations in the overall sample, and therefore suggests over-fitting

is a small problem at worst. Figure A1 uses this test sample and shows a scatter plot of the

two (z-standardized) measures of private value. This figure confirms a clear positive (but noisy)

relationship between the two indicators.

Finally, we compare the distributions of the two measures. Table A2 shows the distribution

of KPSS values, as well as the distribution of PV for our entire sample and for the subset of

our sample for which also a KPSS value exists. Figure A2 shows the distribution for the latter

visually. We see that average private values for the entire sample are nearly 1.5 million lower

than private values of patent families that belong to a US stock-listed firm. To a large extent,

this can be explained by the fact that the full sample contains non-granted patents as well, while
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Figure A1: Comparing extrapolated to stock-market-based estimates of private value
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Notes: Correlation between private return estimates based on stock market reaction as in KPSS (y-axis) and
estimates using the extrapolation approach. Values are log-transformed and z-standardized. This figure is based
on a sample of 11,885 innovations that was excluded from the extrapolation exercise to avoid over-fitting when
comparing the extrapolation results to the stock-market-based estimates.

those in KPSS (by definition) are granted. We also see that the distribution of extrapolated

private values are more centered around the mean. This is natural because they result from

taking a weighted average of KPSS values for at least 10 innovations in a bin. Reassuringly,

though, we see still plenty of variation in this measure. This indicates that our predictors can

capture a great deal of the variation present in the KPSS values. This variation is also present

when we compare average private returns by country (see Figure A3), which range between 8.7

and 22.5 million dollars.
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Table A2: Comparing distributions of PV and ξ (from KPSS)

PV PV (in KPSS) ξ (from KPSS)

mean 15.4 16.9 17.0
min 0.00018 0.022 0.00044
p1 0.037 0.48 0.024
p5 0.15 2.35 0.047
p10 0.73 4.14 0.12
p25 3.81 7.90 1.34
p50 12.8 14.0 6.71
p75 21.0 20.6 17.7
p90 31.5 30.9 39.5
p95 42.3 43.0 64.6
p99 78.5 78.5 165.3
max 558.4 558.4 3319.2
count 15068373 584429 584429

Notes: All values are in million CPI adjusted 2005 US dollars. The first column shows the distribution of
extrapolated private values for the entire sample. The second column shows these private values for the sample
of innovations that also have a KPSS value. The third column shows the distribution of ξ reported in KPSS for
our sample of patent families.

Figure A2: Comparing extrapolated to stock-market-based estimates of private value
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Notes: Distribution of PV and ξ for the sample of innovations that has a KPSS estimate.
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Figure A3: Private Returns by Country - All 2005-2014 Innovations
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A.4. Concluding remarks

Undoubtedly, improvements to our approach here are possible, but the results in this appendix

strengthen our belief that our approach generates sensible estimates. They suggest that much

of the heterogeneity in stock-market-based estimates of private values can be captured using our

extrapolation algorithm with simple, observable predictors.

The estimates produce heterogeneity between countries and—most notably—between tech-

nological fields (see Figure 2). Given the distinct underlying conditions of innovative activity

across technological and geographic domains, this is an expected result. Further analysis of some

descriptive patterns suggests that cost factors might be one of the important drivers of private

returns. This has inspired the construction of IStraX, the second main indicator constructed in

this paper. Indeed, to formulate policy recommendations based upon the value of knowledge

spillovers, one should clearly take costs into account as they do not only affect private, but also

public, spending on R&D. In other words, if there are important differences in the costs of R&D

across technological sectors, which, based on these results, is likely, any amount of support should

be corrected for the cost of one additional innovation project pursued. We take such correction
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into account in section IV when formulating an index that could be used for industrial policy.

Next to serving as important conceptual input into the remainder of this paper, the work per-

formed here has resulted in an arguably useful side product: a database of private returns that

goes beyond stock-listed firms. This is useful because much of the innovative activity targeted in

policy agendas involves start-ups and universities for which such estimates are important. That

being said, future work is necessary to provide further validation to the private value estimates

for non-listed firms based on observed patent characteristics. In addition, further refinements to

our approach could take further patent characteristics into account to estimate private values.
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B. Defining technological fields

Table A3: Concordance between technological fields and IPC/CPC classes

Label Field Classes Scheme

Electrical Engineering Electrical machinery,
apparatus, energy

F21H, F21K, F21L, F21S, F21V, F21W, F21Y, H01B, H01C,
H01F, H01G, H01H, H01J, H01K, H01M, H01R, H01T, H02B,
H02G, H02H, H02J, H02K, H02M, H02N, H02P, H02S, H05B,
H05C, H05F, H99Z

IPC

Electrical Engineering Audio-visual technology G09F, G09G, G11B, H04N 3, H04N 5, H04N 7, H04N 9, H04N
11, H04N 13, H04N 15, H04N 17, H04N 19, H04N 101, H04R,
H04S, H05K

IPC

Electrical Engineering Telecommunications G08C, H01P, H01Q, H04B, H04H, H04J, H04K, H04M, H04N
1, H04Q, H04L, H04N 21, H04W, H03B, H03C, H03D, H03F,
H03G, H03H, H03J, H03K, H03L, H03M

IPC

Electrical Engineering Computer technology G06C, G06D, G06E, G06F, G06G, G06J, G06K, G06M,
G06N, G06T, G10L, G11C

IPC

Electrical Engineering IT methods for manage-
ment

G06Q IPC

Electrical Engineering Semiconductors H01L IPC
Instruments Instruments - Optics G02B, G02C, G02F, G03B, G03C, G03D, G03F, G03G,

G03H, H01S
IPC

Instruments Instruments - Measure-
ment

G01B, G01C, G01D, G01F, G01G, G01H, G01J, G01K, G01L,
G01M, G01N 1, G01N 3, G01N 5, G01N 7, G01N 9, G01N 11,
G01N 13, G01N 15, G01N 17, G01N 19, G01N 21, G01N 22,
G01N 23, G01N 24, G01N 25, G01N 27, G01N 29, G01N 30,
G01N 31, G01N 35, G01N 37, G01P, G01Q, G01R, G01S,
G01V, G01W, G04B, G04C, G04D, G04F, G04G, G04R,
G12B, G99Z

IPC

Instruments Instruments for analysis
of biological materials

G01N 33 IPC

Instruments Instruments - Control G05B, G05D, G05F, G07B, G07C, G07D, G07F, G07G,
G08B, G08G, G09B, G09C, G09D

IPC

Instruments Instruments - Medical
technology

A61B, A61C, A61D, A61F, A61G, A61H, A61J, A61L, A61M,
A61N, G16H, H05G

IPC

Chemistry Organic fine chemistry A61K 8, A61Q, C07B, C07C, C07D, C07F, C07H, C07J,
C40B

IPC

Chemistry Biotechnology C07G, C07K, C12M, C12N, C12P, C12Q, C12R, C12S IPC
Chemistry Pharmaceuticals A61K 6, A61K 9, A61K 31, A61K 33, A61K 35, A61K 36,

A61K 38, A61K 39, A61K 41, A61K 45, A61K 47, A61K 48,
A61K 49, A61K 50, A61K 51, A61K 101, A61K 103, A61K
125, A61K 127, A61K 129, A61K 131, A61K 133, A61K 135,
A61P

IPC

Chemistry Macromolecular chem-
istry, polymers

C08B, C08C, C08F, C08G, C08H, C08K, C08L IPC

Chemistry Food chemistry A01H, A21D, A23B, A23C, A23D, A23F, A23G, A23J, A23K,
A23L, C12C, C12F, C12G, C12H, C12J, C13B 10, C13B 20,
C13B 30, C13B 35, C13B 40, C13B 50, C13B 99, C13D, C13F,
C13J, C13K

IPC

Chemistry Basic materials chem-
istry

A01N, A01P, C05B, C05C, C05D, C05F, C05G, C06B, C06C,
C06D, C06F, C09B, C09C, C09D, C09F, C09G, C09H, C09J,
C09K, C10B, C10C, C10F, C10G, C10H, C10J, C10K, C10L,
C10M, C10N, C11B, C11C, C11D, C99Z

IPC

Chemistry Materials, metallurgy B22C, B22D, B22F, C01B, C01C, C01D, C01F, C01G, C03C,
C04B, C21B, C21C, C21D, C22B, C22C, C22F

IPC

Chemistry Surface technology,
coating

B05C, B05D, B32B, C23C, C23D, C23F, C23G, C25B, C25C,
C25D, C25F, C30B

IPC

Chemistry Micro-structural and
nano-technology

B81B, B81C, B82B, B82Y IPC

Chemistry Chemical engineering B01B, B01D 1, B01D 3, B01D 5, B01D 7, B01D 8, B01D
9, B01D 11, B01D 12, B01D 15, B01D 17, B01D 19, B01D
21, B01D 24, B01D 25, B01D 27, B01D 29, B01D 33, B01D
35, B01D 36, B01D 37, B01D 39, B01D 41, B01D 43, B01D
57, B01D 59, B01D 61, B01D 63, B01D 65, B01D 67, B01D
69, B01D 71, B01F, B01J, B01L, B02C, B03B, B03C, B03D,
B04B, B04C, B05B, B06B, B07B, B07C, B08B, C14C, D06B,
D06C, D06L, F25J, F26B

IPC
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Clean Environmental technol-
ogy

A62C, B01D 45, B01D 46, B01D 47, B01D 49, B01D 50, B01D
51, B01D 52, B01D 53, B09B, B09C, B65F, C02F, E01F 8,
F01N, F23G, F23J, G01T

IPC

Mechanical Engineering Mechanical engineering -
Handling

B25J, B65B, B65C, B65D, B65G, B65H, B66B, B66C, B66D,
B66F, B67B, B67C, B67D

IPC

Mechanical Engineering Machine tools A62D, B21B, B21C, B21D, B21F, B21G, B21H, B21J, B21K,
B21L, B23B, B23C, B23D, B23F, B23G, B23H, B23K, B23P,
B23Q, B24B, B24C, B24D, B25B, B25C, B25D, B25F, B25G,
B25H, B26B, B26D, B26F, B27B, B27C, B27D, B27F, B27G,
B27H, B27J, B27K, B27L, B27M, B27N, B30B

IPC

Mechanical Engineering Engines, pumps, tur-
bines

F01B, F01C, F01D, F01K, F01L, F01M, F01P, F02B, F02C,
F02D, F02F, F02G, F02K, F02M, F02N, F02P, F03B, F03C,
F03D, F03G, F03H, F04B, F04C, F04D, F04F, F23R, F99Z,
G21B, G21C, G21D, G21F, G21G, G21H, G21J, G21K

IPC

Mechanical Engineering Textile and paper ma-
chines

A41H, A43D, A46D, B31B, B31C, B31D, B31F, B41B, B41C,
B41D, B41F, B41G, B41J, B41K, B41L, B41M, B41N, C14B,
D01B, D01C, D01D, D01F, D01G, D01H, D02G, D02H,
D02J, D03C, D03D, D03J, D04B, D04C, D04G, D04H, D05B,
D05C, D06G, D06H, D06J, D06M, D06P, D06Q, D21B, D21C,
D21D, D21F, D21G, D21H, D21J, D99Z

IPC

Mechanical Engineering Other special machines A01B, A01C, A01D, A01F, A01G, A01J, A01K, A01L, A01M,
A21B, A21C, A22B, A22C, A23N, A23P, B02B, B28B, B28C,
B28D, B29B, B29C, B29D, B29K, B29L, B33Y, B99Z, C03B,
C08J, C12L, C13B 5, C13B 15, C13B 25, C13B 45, C13C,
C13G, C13H, F41A, F41B, F41C, F41F, F41G, F41H, F41J,
F42B, F42C, F42D

IPC

Mechanical Engineering Thermal processes and
apparatus

F22B, F22D, F22G, F23B, F23C, F23D, F23H, F23K, F23L,
F23M, F23N, F23Q, F24B, F24C, F24D, F24F, F24H, F24J,
F24S, F24T, F24V, F25B, F25C, F27B, F27D, F28B, F28C,
F28D, F28F, F28G

IPC

Mechanical Engineering Mechanical elements F15B, F15C, F15D, F16B, F16C, F16D, F16F, F16G, F16H,
F16J, F16K, F16L, F16M, F16N, F16P, F16S, F16T, F17B,
F17C, F17D, G05G

IPC

Mechanical Engineering Transport Technologies B60B, B60C, B60D, B60F, B60G, B60H, B60J, B60K, B60L,
B60M, B60N, B60P, B60Q, B60R, B60S, B60T, B60V, B60W,
B61B, B61C, B61D, B61F, B61G, B61H, B61J, B61K, B61L,
B62B, B62C, B62D, B62H, B62J, B62K, B62L, B62M, B63B,
B63C, B63G, B63H, B63J, B64B, B64C, B64D, B64F, B64G

IPC

Other Fields Furniture, games A47B, A47C, A47D, A47F, A47G, A47H, A47J, A47K, A47L,
A63B, A63C, A63D, A63F, A63G, A63H, A63J, A63K

IPC

Other Fields Other consumer goods A24B, A24C, A24D, A24F, A41B, A41C, A41D, A41F, A41G,
A42B, A42C, A43B, A43C, A44B, A44C, A45B, A45C, A45D,
A45F, A46B, A62B, A99Z, B42B, B42C, B42D, B42F, B43K,
B43L, B43M, B44B, B44C, B44D, B44F, B68B, B68C, B68F,
B68G, D04D, D06F, D06N, D07B, F25D, G10B, G10C,
G10D, G10F, G10G, G10H, G10K

IPC

Other Fields Civil engineering E01B, E01C, E01D, E01F 1, E01F 3, E01F 5, E01F 7, E01F
9, E01F 11, E01F 13, E01F 15, E01H, E02B, E02C, E02D,
E02F, E03B, E03C, E03D, E03F, E04B, E04C, E04D, E04F,
E04G, E04H, E05B, E05C, E05D, E05F, E05G, E06B, E06C,
E21B, E21C, E21D, E21F, E99Z

IPC

Trending Robotics B25J 9 CPC
Trending Wireless H04W CPC
Trending 3D Printing B29C64 CPC
Trending Artificial Intelligence G06F17, F06N5, G06N3, G10L15, G06F3, G06Q10, G06Q30,

G06F9, G06Q50
CPC

Trending Aerospace C22F1, C08K3, B64G1, C08G59, C22C21, B64C1, C22C1,
C08G73

CPC

Clean Clean Energy Y02E CPC
Clean Clean Cars Y02T10 CPC
Clean Clean Y02 CPC
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C. Computing Patent Rank Recursively

To compute patent rank in practice we need to rely on a recursive procedure rather than inverting

outright as in equation (6). Here we show that our recursive procedure converges to the actual

solution.

We can write the vector of social values at a given iteration as

V (n) = V ∗ + ∆(n) (26)

where ∆(n) captures the difference of the social value at iteration n relative to the actual solution.

Using equation (7) we can write

V ∗ + ∆(n) = (V ∗ + ∆(n−1))σΦ + PV = σΦV ∗ + PV + ∆(n−1)σΦ (27)

Because V ∗ is the actual solution of the equation system we have V ∗ = V ∗σΦ+PV , hence

we can re-write equation (27) as

∆(n) = ∆(n−1)σΦ (28)

We now need to show that equation (28) is a contraction mapping. For that consider the

characteristic element

∆
(n)
i = σ

∑
j

φij∆
(n−1)
j (29)

Note that all elements φij are positive but some elements ∆
(n−1)
j could be negative. Hence,

|∆(n)
i | ≤ σ

∑
j

φij |∆(n−1)
j | (30)

Summing over all innovations yields

∑
i

|∆(n)
i | ≤ σ

∑
i

∑
j

φij |∆(n−1)
j | = σ

∑
j

|∆(n−1)
j |

∑
i

φij (31)

Note that
∑

i φij = 1 so that we can write

∑
i

|∆(n)
i | ≤ σ

∑
j

|∆(n−1)
j | (32)
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We can think of the LHS of this inequality as an index of the total error we are making in

using the n-th iteration of the the algorithm rather than the actual solution V ∗. The equation

consequently suggests that the error at iteration n is smaller than at iteration (n− 1) by virtue

of σ < 1. Hence, the error will tend exponentially to zero.
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D. Proof of Proposition IV.1

Proposition IV.1 provided a simple expression for the marginal effect of changes in government

innovation support S on innovation value V . Here we derive this expression.

Proof. We look at three elements of equation (16) in turn:

Marginal effect on probability of having worthwile idea ∂P (δ>λ)
∂c :

Note that

P (δ > λ) =
µα

λα
=

(κµ)α

(2c)α
(33)

Hence
∂P (δ > λ)

∂c
= −α (κµ)α

2αcα+1
= −α

c
P (δ > λ) (34)

Hence the derivative is equal to the probability of having a good idea times the ratio between α

and c.

Marginal effect on expected private value profits ∂E{PV |δ>λ}
∂c :

∂E {PV |δ > λ}
∂c

=
α

α− 1
=

1

c
E {PV |δ > λ}

Marginal effect on expected spillover value ∂E{SV |δ>λ}
∂c :

Firstly note that

E {SV |δ > λ} = E {E {SV |PV } |δ > λ} =

∫
E {SV |v}P (v|δ > λ)dv

that is, we can compute the expected value of SV via iterated expectation. Moreover,

E {SV |PV, c} = E {SV |PV }

that is, spillover values depend on the cost threshold c via private values. We can consequently

write

E {SV |δ > λ} =

∫ 2c

0
E {SV |v}P (v|δ > λ)dv +

∫ ∞
2c

E {SV |v}P (v|δ > λ)dv (35)

We consider the derivative of each integral in equation (35) in turn. For the first integral we

obtain

∂

∂c

[∫ 2c

0
E {SV |v}P (v|δ > λ)dv

]
= E {SV |2c}P (2c|δ > λ)×2+

∫ 2c

0
E {SV |v} ∂P (v|δ > λ)

∂c
dv
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using the Leibniz Rule.

Recall from equation (13) that P (v|δ > λ) = α
(α+1)2c if 2c > v, hence

∂P (v|δ > λ)

∂c
= −P (v|δ > λ)

c

consequently

∫ 2c

0
E {SV |v} ∂P (v|δ > λ)

∂c
dv = −1

c

∫ 2c

0
E {SV |v}P (v|δ > λ)dv

= −1

c
E {SV |δ > λ, v < 2c}P (v < 2c|δ > λ)

= −1

c
E {SV × I{v < 2c}|δ > λ}

where the first I{·} is the indicator function. Put differently, we can estimate this integral

by averaging over the observed SV × I{v < 2c} and dividing by c.38

For the second integral, we obtain

∂

∂c

[∫ ∞
2c

E {SV |v}P (v|δ > λ)dv

]
= −E {SV |2c}P (2c|δ > λ)×2+

α

c

∫ ∞
2c

E {SV |v}P (v|δ > λ)dv

exploiting once more the Leibniz Rule and recalling from equation 13 that P (v|δ > λ) =

α2αcα

(α+1)vα+1 if 2c < v, hence
∂P (v|δ > λ)

∂c
= α

P (v|δ > λ)

c

Note that ∫ ∞
2c

E {SV |v}P (v|δ > λ)dv = E {SV × I{v > 2c}|δ > λ}

that is, we can estimate this integral by averaging over SV × I{v > 2c}

Combining these results yields

∂E {SV |δ > λ}
∂c

=
α

c
E {SV × I{PV > 2c}|δ > λ} − 1

c
E {SV × I{PV < 2c}|δ > λ}

Consequently, we can write the marginal effect on the total innovation value as
38Note that we could estimate P (v < 2c|δ > λ) as the share of observed innovations with private value smaller

than 2c, which is equivalent to the average of I{v < 2c}.
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∂E {V }
∂c

= [E {PV |δ > λ} − c+ αE {SV × I{v > 2c}|δ > λ} − E {SV × I{v < 2c}|δ > λ}

−αE {PV + SV − c|δ > λ}]× P (δ > λ)

c

= E {PV − c+ SV (α× I{v > 2c} − I{v < 2c})− α (PV + SV − c) |δ > λ} P (δ > λ)

c

= E {(1− α) (PV − c) + SV (α× I{v > 2c} − I{v < 2c} − α) |δ > λ} P (δ > λ)

c

= E {−c+ SV (α× I{v > 2c} − I{v < 2c} − α) |δ > λ} P (δ > λ)

c

where the last equation follows from E{PV |δ > λ} = αc
α−1 (see equation (14)). Finally,

because ∂c
∂s = −1 we get the expression in equation (17):

∂E {V }
∂s

= E {c+ SV (α− α× I{v > 2c}+ I{v < 2c}) |δ > λ} P (δ > λ)

c
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