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Abstract: 

Recent evidence suggests a slowdown of economic productivity in major Western and Asian 

economies. One of the most convincing causes is the slowdown in research productivity in key 

sectors of the economy, such as low-carbon technologies. The latter trend is particularly 

worrying as low-carbon technologies play a critical role in keeping global warming well below 

the 2°C that the Paris Agreement set. We rely on a novel data science method that connects 

scientific articles with patented technologies. We extract the scientific publications cited in 

more than 600,000 clean energy technologies (wind, solar, biomass, li-ion) and investigate 

what determines the diffusion speed between scientific research and patented technologies. We 

demonstrate that the higher the quality of the scientific article (measured by citations), the 

lower the distance between scientists and inventors, and the higher the similarity between the 

content of the scientific article and the patent, the faster the diffusion between research and 

application. Yet, we also show that while more dissimilar content takes longer to be used in 

patents, the eventual impact of the patent is greater, possibly because it is more innovative. Our 

data also reveals that while distance appears to matter for the speed of knowledge diffusion, 

patents in the four low-carbon technologies on average rely on 81% of foreign sources of 

science, as scientific knowledge diffuses widely across the world economy. China and the 

United States play an outsized role as the source of scientific publications used in clean-

technology patents globally. Nevertheless, while research is characterised by global spillovers, 

the application of such knowledge (in a patent) appears to be dominated by national teams, 

potentially due to greater local spillovers and secrecy issues. 
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1. Introduction 

Recent evidence indicates a productivity1 slowdown in major Western and Asian economies 

(Goldin et al., 2018). Among the most convincing reasons is an overall decline in research 

productivity in critical economic sectors, such as semi-conductors. For instance, as Bloom et 

al. (2018) show that it takes around 18 times as many researchers today compared to the early 

1970s to achieve Moore’s Law (the famous doubling of the density of computer chips every 

two years). Yet, this worrying trend is not only limited to semi-conductors but has also been 

observed in agricultural crop yields, life sciences, and other sectors (Bloom et al., 2017).  

Patent data also shows a slowing of innovation in major clean technologies (relative to 

overall patenting trends), likely also driven by declining fossil fuel prices reducing the savings 

from low-carbon innovation (i.e., energy-saving technologies) (Popp et al., 2020; Probst et al., 

2021). It is clear from climate-economy models and empirical research, however, that a delayed 

availability of clean technologies, due to lack of innovation or diffusion, could be even costlier 

than delayed climate policies (Luderer et al., 2012; Probst et al., 2020). This is particularly true 

for low-carbon technologies, whose availability and price play a critical part in minimising the 

overall cost of climate change mitigation.  

Hence, understanding the lag time between knowledge diffusion from scientific 

research to technological applications is critical in devising appropriate innovation policy to 

accelerate technological development in important low-carbon sectors as the market naturally 

underprovides such incentives (Wilson and Grubler, 2011). However, the majority of existing 

studies focus on horizontal (rather than vertical spillovers). Horizontal spillovers refer to the 

application of knowledge at the same technological level, whereas vertical spillovers occur 

between different levels of development (e.g., scientific research and patented technologies). 

Existing approaches to study vertical spillovers are largely limited to case-study evidence and 

interviews (Agrawal and Henderson, 2002), which is difficult to scale across different 

technological areas and research institutes. In addition, several existing studies focus on the 

likelihood that academic research is used in patented technologies, but not on the speed of 

knowledge diffusion (Probst, Kontoleon and Anadón, 2021).   

 
1 Defined as “the rate at which inputs are turned into outputs” (Goldin et al., 2018; p.2), and so research 

productivity is the rate at which research inputs (labour and capital) are transformed into outputs (such as academic 

papers).  



In this article, we, therefore, investigate what determines the diffusion speed between 

scientific publications and their commercial application by analysing the bibliometric and 

geographic characteristics of scientific publications that patents cite. These paper-patent 

citation linkages often present a better indicator of knowledge flows than patent-to-patent 

citations as patent-patent citations are more often added by patent examiners (and not the 

inventor) (Popp, 2016). By using the new approach described in detail in Probst, Kontoleon 

and Anadón (2021), which combines econometrics, text-mining, and machine-learning, we are 

able to link previously unanalysed data on a large scale. This allows us to provide unique 

insights into the diffusion speed and geographical patterns of key clean technologies needed to 

mitigate climate change. Moreover, this approach can also be used in other areas outside of 

clean technology research and provides a promising research avenue in other fields, such as 

biotechnology and pharmaceuticals.  

 We next review the relevant parts of the literature (Section 2), discuss the methods 

(Section 3) and data (Section 4). In Section 5 we discuss our findings and conclude in Section 

6.  

 

2. Literature review 

Various studies show that knowledge and technological spillovers play a significant role in 

technological and economic development (Griliches, 1992; Dechezleprêtre, Martin and 

Mohnen, 2013; Stephan et al., 2017). Yet, the main focus of the existing literature is on 

horizontal (not vertical) knowledge and technological spillovers. Horizontal spillovers refer to 

the application of knowledge at the same technological level. For instance, commonly citations 

between different patents are used – so-called prior art – to understand technological 

trajectories (Dechezleprêtre et al., 2011).  

Despite the absence of a tractable large-scale approach to understanding the diffusion 

of scientific research to technological applications, the academic literature generally 

underscores the importance of basic science (financed largely by public R&D) for industrial 

progress and economic development (Toole, 2012; Li, Azoulay and Sampat, 2017). The central 

question that emerges is how to make basic science matter most and most quickly for the areas 

of society’s central challenges. It is clear that in certain cases basic research has laid the 

groundwork for later pathbreaking applications. For instance, Riemann’s advances in 

differential geometry, which were initially ignored, later became essential for Einstein’s 



general relativity theory and are now critical for the ubiquitous Global Positioning Systems 

(GPS).  

 Hence, public R&D and basic science are important contributors to economic progress 

due to substantial intra- and inter-industry spillovers. Yet, the literature points to several factors 

that may increase the spillovers from public R&D and government-funded science to industrial 

application. Section 2.1 sets out the common challenges of measuring the diffusion lag between 

public R&D, scientific research, and technological application. Section 2.2 then describes the 

effects of technological characteristics on diffusion speed, whereas Section 2.3 reviews the 

literature that investigates the impact of geographic distance on diffusion speed.  

 

2.1. Lag between public R&D funding, scientific publications, 

and technological application 

Evaluating the effect of funding on scientific progress and technological innovation is not 

straightforward. It normally takes many years from initial public R&D funding to industrial 

application. Yet, the lag differs substantially between industries. In medical science, it may 

take 17-24 years from the development of a new drug to trials with mice, humans and final 

approval through FDA or another regulatory agency (Toole, 2012) although the recent 

development time of various Covid-19 vaccines show that much faster development times are 

possible. In sectors such as computer science and machine-learning these lags tend to be much 

shorter, but are also harder to study as computer code is commonly not patentable and rather 

protected by secrecy. Research on the lag between public clean-energy R&D and subsequent 

scientific publications indicates that it takes up to 10 years from initial funding to the 

publication of the research and another few years to the publication of the patent (Popp, 2016). 

Yet, while Popp’s (2016) analysis is intriguing it relies on high-level correlations without 

investigating the microeconomic foundations.  

 Another challenge to evaluating the effect of R&D is that many concurrent factors play 

a role, such as changes in private R&D funding, policy, and regulatory environment, factor 

prices (labour and energy prices), among many other factors. Hence it is difficult to attribute 

changes in the metric of interest – such as the increase in scientific papers, drugs, or final 

technologies – to one single factor, such as changes in R&D funding.  

 In the absence of discontinuities, randomisation or other (quasi-)experimental 

approaches cannot be used to isolate cause and effect. Some use funding rules to create 



instrumental variables to get around this problem, which requires in-depth knowledge of the 

funding procedure, and thus restricts applicability to narrower domains (commonly one 

funding body and one technology). For instance, Azoulay et al. (2019) use idiosyncratic2 

rigidities in funding rules of the U.S. National Institutes of Health (NIH) grants over 27 years 

to evaluate the impact of research investment on patenting. They find that around 10% of 

investment directly generates a patent (with an average lag of around 10 years), whereas 30% 

lead to scientific articles that are subsequently cited. Hence, their findings indicate that merely 

evaluating researchers on their patenting activity may only provide part of scientists’ impact.  

2.2. Effect of technological and scientific paper characteristics 

on diffusion 

The existing literature has underscored the cumulative process of knowledge production as 

knowledge created within and outside a given domain contributes to technological progress 

(Battke et al., 2016). Generally, knowledge diffusion within the same domain is the norm, as 

the knowledge developed for a specific domain is typically more directly applicable. Hence, 

for instance, around 60% of patent citations to renewable energy technologies come from 

patents in the same technological field (Noailly and Shestalova, 2017). Yet, inter-domain 

knowledge spillovers have also been shown to play an integral role in technological progress 

(Battke et al., 2016), and may even lead to fundamental breaks in a technological trajectory 

(Stephan et al., 2017). For instance, empirical evidence from China using survey data suggests 

that firms relying on a broader knowledge base are more likely to develop breakthrough 

technologies (Zhou and Li, 2012).  

Technological characteristics have been shown to play an integral role in determining 

the proportion of internal (within the same technological domain) and external (from outside 

the domain) spillovers. Using evidence from 40,000 battery patents, Battke et al. (2016) show 

that knowledge that is based on more diverse previous knowledge is more likely to flow across 

different technological classes. In contrast, knowledge that is based on more homogeneous 

previous knowledge is more likely to diffuse within the same technological class. Similarly, 

core-knowledge (focused on the central components of a technology) is more likely to remain 

 
2 Azoulay et al. (2019) use an instrument that relies on differences between allocated funding in different sub-

fields in medicine (which creates natural variation around funding cut-offs), which they assert is not correlated to 

the innovation potential of the proposed project.  



within the same domain, whereas peripheral knowledge (focused on peripheral components) is 

more likely to diffuse across different domains. 

Scientific paper characteristics have also been shown to play a role in the diffusion of 

knowledge. For instance, academic studies published by larger research teams are generally 

associated with more citations from other scientific studies, which is not primarily caused by 

self-citation (Larivière et al., 2015). In addition, whether studies can be accessed via a paywall 

(i.e., open access) may have further citation advantages, even when adequately controlling for 

quality (e.g., because authors may self-select their highest quality work into the open-access 

category to further increase the impact) (Probst, Kontoleon and Anadón, 2021). 

 

2.3. Effect of geographical distance  

The literature generally shows that knowledge diffusion decreases sharply with distance. This 

is demonstrated by empirical evidence on the effect of geographical distance on different 

patterns of patent citations (Jaffe, Trajtenberg and Handerson, 1993), R&D and patenting 

(Branstetter, 2006), productivity, and the sales performance of subsidiaries of multinational 

firms (Keller and Yeaple, 2013). For instance, Peri and Bottazzi (2003) using R&D and patent 

data from the EPO, find that knowledge spillovers measured by patent citations are very 

localised and occur typically within 300 kilometres. These geographical characteristics are 

critical for economic development, as research by Keller (2004) demonstrates that foreign 

sources of technology account for more than 90% in the productivity growth of many 

developing countries.  

This localised nature of knowledge has spurred the interest of researchers and 

policymakers in policies that specifically address and harness the geographic clustering of 

industries (which relies on localised spillovers). Well-known examples of clusters are Silicon 

Valley and car manufacturing clusters in Southern Germany, among others, which formed with 

different levels of public support. Yet, empirical evidence on the effect of these clustering 

policies is scant. Recent evidence from Germany suggests that cluster-based policies increase 

the innovative performance between 5.1-11.2 percent of firms within that cluster (compared to 

a counterfactual group, using differences-in-differences (Falck, Heblich and Kipar, 2010)). In 

contrast, McDonald, Tsagdis and Huang (2006) uses evidence from 43 European industrial 

clusters and finds no evidence on the effectiveness of government policies on the growth of 

these clusters.  



While the aforementioned research highlights the importance of technological 

characteristics and geographical distance on knowledge spillovers, none of these studies 

investigate to what extent these matter for publication-patent spillovers. While studies on 

public R&D spillovers have highlighted the importance of these spillovers for economic 

growth, these remain limited to high-level correlational data. With the approach developed in 

Probst, Kontoleon and Anadón (2021), we directly link academic research and patented 

technologies to directly examine which factors drive the application of scientific knowledge in 

patented technologies. As technological characteristics and geographical distance appear to 

matter for knowledge diffusion, we investigate these factors specifically in our econometric 

models, which are described in Section 5. We do not study the effect of different public R&D 

funding bodies, as it is difficult to obtain accurate data on various funding programmes. Yet, 

with more and better-quality data in this regard, this is an interesting extension of our research. 

 

3. Methods 

Based on the literature in Section 2 (highlighting the transfer channels from scientific research 

to technological applications and main factors affecting the transfer channels), in this section, 

we set out how we develop a novel empirical strategy that enables us to compute the 

characteristics of scientific papers and patents that are expected to influence the uptake of 

scientific knowledge in patented technologies. We specifically focus on content similarity (3.1) 

and geographical distance (3.2) of patents and scientific publications. We rely on 600,000 

patents from the European Patent Database PATSTAT and extract the scientific articles that 

are referenced in patents (see Section 4 for an in-depth discussion).  

 

3.1. Content similarity  

Previous approaches in measuring the similarity between documents have relied on using the 

diversity in technological classes of patents that other patents cite (Battke et al., 2016). As 

patents are commonly filed into different technological categories, these can be used to study 

whether a patent cites patents from the same technological class or another technological class. 

While this research has led to interesting findings, a lot of relevant data from the title or the 

patent abstract are left untouched. Yet, these may hold important information on the patent 

itself and can be used for topic modelling, which does not classify a patent into one category, 



but uses the probability of a patent of falling into different categories (thereby, potentially 

leading to a more refined and nuanced classification than merely using patent classifications). 

Patents are normally classified by patent examiners into one or several categories, whereas 

topic models describe a patent as a mix of various (potentially, unlimited) latent topics. We use 

the title of patents and scientific papers to understand the topic distribution in each document 

using unsupervised machine-learning algorithms that are described in more detail below.  

 In order to study how different or similar patents and scientific articles are we proceed 

in the following steps:  

1. Download all relevant scientific papers via the APIs of the relevant publishers 

2. Run the CERMINE algorithm on all PDFs (leave XML files as they are, as these are in 

the required format) 

3. Extract the titles of all papers via text-mining using the XML structure to locate the 

abstracts.  

4. Extract the titles of all patents using the European Patent Office’s PATSTAT database  

5. Use API of Google Translate to translate all patent and scientific paper titles that are 

not English (predominantly European languages, such as French, but also Japanese and 

Mandarin) into English 

6. Run the Latent Dirichlet Algorithm on the titles of both papers and patents to determine 

the topic distribution in the titles  

7. Compute the Hellinger Distance (elaborated below) between all scientific papers and 

patents to determine how topically similar they are 

8. Use Hellinger Distance to compute the similarity between two topic distributions  

 

Figure 1 provides an overview of the different steps, which are described in more detail below. 

 



 

Figure 1: Calculation of similarity matrix between documents based on Heller Distance 

using a three-step procedure. Note: p indexes a paper/patent, w is a word, and n indexes the 

number of the paper, patents, or topics. While two identical documents have a Hellinger 

distance of 0, this is transformed via the similarity measure S(P,Q) = 1 – H(P,Q). Source: 

author, based on Kim, Park and Yoon (2016) 

 

Computing the term frequency-inverse document frequency (tf-idf) consists of two parts: the 

term frequency 𝑡𝑓 (𝑡, 𝑑) and the inverse document frequency 𝑖𝑑𝑓 (𝑡, 𝐷) (Hogenboom, Capelle 

and Moerland, 2014). First, the term frequency computes the frequency n of terms t ∈ 𝑇 in 

document d ∈ 𝐷. T constitutes all terms, and D all documents in the corpus of interest. The 

term frequency is calculated with equation (1):  

 

 𝑡𝑓 (𝑡, 𝑑) =  𝑛𝑡,𝑑∑ 𝑛𝑘,𝑑𝑘   (1) 

 

The inverse-document frequency computes the frequency of a term t in all documents D of a 

given corpus. This measure corrects for words that occur frequently across all documents (such 

as words like ‘the’ that add limited additional information). The logarithmically-scaled inverse 

document frequency is shown in equation (2) 

 

 𝑖𝑑𝑓 (𝑡, 𝐷) = log |𝐷||{𝑑 ∈ 𝐷 ∶ 𝑡 ∈ 𝑑}| 
 

(2) 

 

where D is the number of all documents and |{𝑑 ∈ 𝐷 ∶ 𝑡 ∈ 𝑑}| is the number of documents 

that contain term t. The td-idf is a metric that determines how important a given word is in a 

document relying on the two previous calculations. The td-idf is then calculated in equation 3:  

 

Term frequency–inverse 
document frequency

Paper/Patent topic distribution Similarity matrix based on Heller 
Distance

’1 2 3

LDA topic 
modelling

Hellinger 
distance



 

 𝑡𝑓𝑖𝑑𝑓 (𝑡, 𝑑, 𝐷) = 𝑡𝑓 (𝑡, 𝑑) ∗ 𝑖𝑑𝑓 (𝑡, 𝐷) (3) 

 

 In a second step, the topic distribution for each scientific paper or patent is computed. 

Several algorithms implement topic modelling, but we rely on the latent Dirichlet allocation 

(LDA) algorithm, which is widely used and performs well when benchmarked to other 

algorithms in the same class. LDA is an unsupervised machine-learning algorithm that assumes 

that a document was generated over a mixture of latent topics, with each topic being 

represented by several words. For instance, two topics (politics and vacation) will have 

different words that represent each topic. For instance, words in politics could be voter, 

election, and campaign, whereas words in the vacation topic could be beach, flight, and hotel. 

Words that do not have a strong topical meaning (such as ‘the’ or ‘a’) will have roughly the 

same likelihood of occurring in any of the two topics.  

 The algorithm is commonly illustrated using plate notation to show interdependencies 

among variables in the model (Figure 2). The grey circle in the middle w is the only variable 

that can be observed, which are the words w in the documents D, all other variables are 

unobservable (or latent) and need to be computed through the model. The inner plate N 

represents the numerical count of words in a document, and the outer plate M the number of 

documents. The topic of the k-th word in document i is represented by zi,k, and each document 

i has a topic distribution𝜃𝑖 and 𝛼 and 𝛽 are parameters of the sparse Dirichlet prior, a 

continuous multivariate probability distribution. The number of topics is fixed and exogenous 

in the model. The appropriate number of topics can be computed via perplexity scores. We use 

the same number of topics for this article, as we assume that the latent topics in both datasets 

are the same (we also corroborate these results via modelling perplexity scores again for this 

dataset, which indicates the same number of k is appropriate).  



 

Figure 2: Graphical representation of Latent Dirichlet Allocation (LDA) algorithm. Source: 

Blei et al. (2003) 

 

 

 Different distance metrics can be used for computing the distance between documents 

in a given topic space created through an LDA algorithm. These approaches include the Jensen-

Shannon, Hellinger ,and Bhattacharyya distance (Chung et al., 1989). All of these distance 

metrics compute the divergence between two probability distributions, which has received 

substantial attention over the last six decades (Kim, Park and Yoon, 2016). As topic modelling 

assigns each document a probability distribution of different topics, these distance measures 

compute the similarity between two document probability vectors. As the distance measures 

provide relatively similar results (Chung et al., 1989), we opt for the Heller distance as it is 

most widely used in LDA modelling and software implementation.  

 

The Hellinger distance 0 ≤ 𝐻(𝑃𝑄) ≤ 1 between two discrete probability distributions P = 

(p1,…, pk) and Q = (q1,…, qk) , is succinctly defined in equation (4):  

 

 𝐻2 (𝑃, 𝑄) = 12 ∫(√𝑑𝑃 − √𝑑𝑄 )2 

 

(4) 

 

where H is the Hellinger distance between two continuous probability distributions P and Q. 

For a full exposition and derivation of the formula, see Hellinger (1909). The resulting output 

is a similarity matrix between two documents, which is shown in Figure 1, where a distance of 



0 indicates an equal distribution of topics between two documents. In line with Kim, Park and 

Yoon (2016) we then define a similarity measure between the probability distributions P and 

Q in equation (5).  

 

 𝑆(𝑃, 𝑄) = 1 − 𝐻 (𝑃, 𝑄) 

 

(5) 

 

 

3.2. Geographical distance  

As discussed in the section on geographical distance, understanding the geographical 

configuration of technological systems has long interested researchers (Sturgeon, Van 

Biesebroeck and Gereffi, 2008).  

 In order to study how close researchers and scientists are co-located in space, we use 

the following measure to determine to what extent geographical distance impacts the use of 

scientific knowledge in patents. We proceed as follows:  

 

1. Directly extract the geographical location of inventors from the patent data. We rely on 

PATSTAT and additional data provided by ECOOM, which is a consortium of Flemish 

University and Eurostat, which substantially improves coverage 

2. Use the scientific articles (XML-transformed through CERMINE algorithm) to directly 

extract the researcher’ location via text-mining  

3. As this is unstructured data (sometimes misspelled, sometimes the same country is 

written differently), we use the R-package ‘countrycode’ to iterate over all countries to 

convert them into iso2c code.  

4. However, this information is not commonly available for all inventors as only 44% of 

patents have at least one inventor with detailed geographic information, whereas around 

88% of patents have at least one inventor with a country code. Hence, we analyse 

whether the inventor and scientist come from the same country, which we include in 

our regression as a variable. Similarly, the retrieval rate of the CERMINE for affiliation 

data from the scientific publications is around 80%, which means we lose between 20-

30% of our observations.  

 



 

3.3. Empirical strategy   

We proceed with our empirical analysis as follows: We first run a regression on the impact of 

content similarity between papers and patents and geographic proximity between scientists and 

inventors on diffusion speed between academic research and patent publication. Yet, as patent 

value is highly skewed (Harhoff et al., 1999), we also investigate to impactful the resulting 

patent is on other patents (which we proxy through the citations the patent received in the five 

years following its publication). The data is described more in detail in Section 4.   

 

3.4. Linear Regression for time difference 

We run a linear OLS regression to investigate what factors influence the diffusion speed 

between scientific research and the subsequent use in a patent, which is described in equation 

(6): 

 

 𝑑𝑖,𝑝 =  𝛼0 +  βϕ𝑖 +  ζ𝑖 + 𝜔𝑖 + 𝜗𝑖,𝑘 +  𝜆𝑖,𝑘 + ε𝑖,𝑘 (6) 

 

 

where d is the time in years between the publication of the scientific article i and the patent p. ϕi,k are the characteristics of a given paper (number of authors, average citation impact, 

technological field). ζi,k indicates whether the paper is full Open Access (OA) and ωi,k whether 

it can be accessed in an OA repository. 𝜗𝑖,𝑘 is the similarity measure between the content of 

the scientific paper and the patent. 𝜆𝑖,𝑘 is a dummy that indicates whether at least one scientist 

and at least one inventor were located in the same country. α is the constant and ε is the error 

term. 

 

3.5. Negative Binomial Regression for subsequent patent 

impact 

Apart from the diffusion speed, we are also interested to what extent patents that rely on 

scientific research with particular characteristics (e.g., topic similarity between scientific 



publication and patent) are more impactful on other patents. Measuring patent impact is 

important as patent values are generally high skewed, and hence it allows us to not only 

investigate the characteristics of scientific papers that influence the diffusion time but also the 

subsequent impact of the patented invention on other patents  (Harhoff et al., 1999).  

We proxy this by the citations that a given patent received in the five years after its 

publication, which is commonly used in the literature to gauge the impact of a patent on other 

patents (Dechezleprêtre, Ménière and Mohnen, 2017). As many patents do not receive any 

citations from other patents (and might therefore have limited use for subsequent technological 

advances), patent citations are used to control for differences in patent quality. As the 

dependent variable is count data, we rely on a negative binomial regression to estimate the 

effects:  

 

 𝜓𝑖,𝑘 =  𝛼0 + βΦ𝑖,𝑘 +  ζ𝑖,𝑘 +  𝜔𝑖,𝑘 + 𝜗𝑖,𝑘 +  𝜆𝑖,𝑘 ε𝑖,𝑘 (7) 

 

where 𝜓𝑖,𝑘 is a count of patents that rely on the scientific publication weighted by the citation 

the publication received in the first five years, whereas Φi,k represents the characteristics of a 

given paper (number of authors). ζi,k indicates whether the paper is full OA and ωi,k whether it 

can be accessed in an OA repository. α is the constant and ε is the error term. As above, 𝜗𝑖,𝑘 is 

the similarity measure between the content of the scientific paper and the patent. 𝜆𝑖,𝑘 is a 

dummy that indicates whether at least one scientist and at least one inventor were located in 

the same country. 

 After investigating the determinants of the time lag and subsequent patent impact, we 

analyse to what extent the patents in our dataset rely on scientific knowledge that comes from 

outside of the home country of the inventor (or the inventors, for that matter).  

 

 

4. Data 

We rely on 600,000 patents from the European Patent Database PATSTAT in the period 2005-

2013 and extract the scientific articles that are referenced in patents (2,917). Figure 3 shows 

the yearly publications of articles in our dataset for the four different clean-energy technologies 

that our analysis relies on: 1) li-ion batteries, 2) biofuels, 3) solar PV and 4) wind energy. It is 

noteworthy that wind energy patents only to a very limited extent cite scientific knowledge. 



This could be due to the more limited size of the wind energy market and incremental 

manufacturing improvements not coming from public R&D.  

 As the publication count of scientific publication in a specific technological field alone 

may not be representative of the underlying quality of the counted articles3, we also show the 

average citations that the articles received to control for quality. The second Y-Axis in Figure 

3 also shows the Average Citation Impact (ACI), which uses 102,301 scientific articles based 

on keywords in Popp (2016) and (Probst, Kontoleon and Anadón, 2021) to estimate how the 

scientific articles in biofuels, li-ion batteries, solar PV, and wind energy cited by patents 

compare to all other articles published in the same technological field in the same year. It shows 

that across years, scientific literature cited by EPO patents is between two to six times more 

cited than the average article in a technological field. Whereas for batteries and biofuels the 

trend has remained largely stable over time (and for wind it is not that telling due to the low 

sample number), for solar PV the ACI has doubled on average from around two to four to six 

between 2005 and 2013.  

 

 
3 A research group A might publish many scientific articles of low quality (proxied by subsequent citations by 

other articles) and another research B group very few articles of high quality; in both scenarios a mere count would 

overestimate the output of the research group A and underestimate that of the research group B.  



 

Figure 3: Yearly publications in a) li-ion batteries, b) biofuels, c) solar PV, and d) wind 

energy that were cited by EPO patents between 2005-2013. Note: Average Citation Impact is 

the citations that the article received compared to the average citations article received in the 

same field in the same year (hence, an article with ACI = 1 received the same citations that a 

scientific article received in the same field in the same year). Source: author 

 

 Table 1 further shows descriptive statistics of our main dataset of scientific articles. As 

can be seen, most publications are in solar PV (1,216), with li-ion batteries and biofuels with 

roughly equal counts (858 and 811, respectively), and very few wind articles (32). The articles 

used in li-ion battery patents demonstrate the lowest level of OA (9%), whereas 25% of biofuel 

articles are OA. The number of authors across technological fields is between 3.33 (wind) and 

6.05 (for solar PV). The average citation impact (ACI) across articles differs substantially, with 

solar PV articles receiving more twice as many citations than wind articles.  
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Table 1: Descriptive statistics of 2,917 scientific articles in our main dataset. Source: author 

 

 Of the 2,917 articles in our dataset, 2,681 (91.9%) could be downloaded through the 

APIs of various publishers using the CrossRef R-Plug-in. The rest (236 articles) were 

downloaded manually. We do this for the completeness of our dataset, but this step is not 

necessary if the articles that could not be retrieved are not systematically different (in terms of 

location, technology, or some other relevant metric) from the articles that could be downloaded. 

 Most inventors come from the same country (only 11% of patents have inventors from 

multiple countries), whereas for scientists this number is around twice as high, with 22% of 

scientific teams in our dataset working with international colleagues. This might be an 

indication that the geographical diversity in bringing a technology to market might narrow from 

highly geographically diverse scientific teams to more national inventor teams that apply these 

insights, possibly due to secrecy issues and local factors, such as acquiring venture capital.  

 

5. Results  

The following section provides our findings on the impact of semantic and geographic distance 

on the use of scientific knowledge in patented technologies (5.1) and the reliance of investors 

(who registered patents at the EPO) on knowledge developed outside of their own country 

(5.2). 

Publications #n
Number 

authors

Average 

Citations

No open 

access

Full Open 

Access 

(Gold)

Open 

Access 

Repository 

(Green)

Technology

 Batteries (Li-Ion) 858 5.13 2.70 91% 5% 4%

 Biofuels 811 4.74 2.68 75% 19% 6%

 Solar PV 1,216 6.05 3.82 90% 3% 7%

 Wind 32 3.33 1.71 82% 4% 14%

Descriptive Statistics (Publications Used in Patents)

Full Dataset (2005-2013)

Note: #n is the number of open access publications, no open access are those with a paywall (but no open access through 

repositories), full open access are those that can be found on the website with an open access version, number of authors 

are those on the paper and average citation impact is the average citation that the paper has received over its lifetime 

divided by the average citation papers received in a technological field i  that were published in the same year t (so an 

average citation impact of one would be the average citation of papers in a given year and scientific field).



 

5.1. Impact of semantic and geographical distance (and other 

attributes) on paper-patent diffusion lag 

Our results in Table 2 show that an important determinant of the diffusion speed is the scientific 

impact of the article. The baseline regression also shows that more dissimilar content (between 

publication and patent) takes longer to diffuse. Specification (5) and (6) then add geographic 

information to the regression to show that research diffuses faster when the scientist and the 

inventor are located in the same country – a result that to our knowledge has not been shown 

before on a large scale. As discussed before, geographic information on patentees and inventors 

is often lacking from patent documents and is sometimes not correctly classified by the 

CERMINE algorithm we employ. Therefore, the results from specifications (5) and (6) rely on 

a dataset of around 1,316 observations (clean-tech-patents citing scientific publications), 

whereas our entire dataset has 2,917 paper-patent citations. Hence, the last two specifications 

should be seen as exploratory.  

 An additional point in the ACI (set to 1 if the paper received the average citations in 

the field in a given year)4 reduces the diffusion time by ~0.012 years or 4.38 days. A one-unit 

increase in the standard deviation in the ACI (which is 8.17), therefore reduces the average 

diffusion lag between scientific research and application in a patent by 35 days. Hence, 

scientific articles that are more impactful in the literature tend to diffuse faster from scientific 

research to application, possibly, due to higher quality or visibility, or both.  

 It does not appear that OA. impacts the diffusion lag. These results hold also for 

disaggregating the results for each technological class (biofuels, solar PV, wind, and batteries). 

Hence, while OA appears to increase the visibility of articles, it does not have an impact on 

diffusion speed in the case of the four clean-energy technologies investigated in this paper. 

These results are surprising as one might expect that OA has an impact on both the likelihood 

of diffusion as well as the diffusion speed (or none of them).  

 We also include time dummies in our analysis to capture macro trends (such as the rise 

of information technology) that affect all technologies in our sample (Qiu and Anadon, 2012). 

These include the large-scale diffusion of information technology, such as the Internet, a host 

of targeted policies to increase the commercialisation of scientific knowledge (Chan, 2014), 

 
4 Need to explain this in depth, perhaps with formula  



among other factors. Over time these dummies show a linear negative trend, which indicates 

an increase in diffusion speed over time.  

  The similarity measure is significant in specifications 3 and 4 and indicates that 

dissimilar content takes more time to diffuse. Yet, it loses its significance in specification 5 

and 6, likely due to the limited sample size. It shows that more similar content diffuses faster 

between scientific articles and technological applications.  

 The impact of geography is strongly significant in our smaller sample. It indicates that 

when scientists and inventors are located in the same country, the diffusion lag is reduced by 

an average of around 0.37 years (135 days). The diffusion speed in our dataset also tends to be 

quicker for biofuels and solar PV than for li-ion batteries (which is the base category), possibly 

because battery patents rely on a more diverse set of scientific research (measured by the 

content similarity score developed in Section 3.1, which increases the diffusion speed 

(compared to solar PV and biofuels)). Yet, this last question should be the focus of future 

research.  



 

Table 2: Main regression on the influence of different characteristics on the diffusion lag 

between scientific publications and patents. Source: author 

(1) (2) (3) (4) (5) (6)

Average 

Citation Impact 

(ACI)

-0.014*** 

(0.005)

-0.012*** 

(0.004)

-0.012*** 

(0.004)

-0.012*** 

(0.004)

-0.006 

(0.006)

-0.005 

(0.006)

Similarity 

Measure

-0.662* 

(0.358)

-0.658* 

(0.359) 

-0.252 

(0.537)

0.094 

(0.557)

Same Country 

Inventor and 

Scientist

-0.371*** 

(0.114)

-0.369*** 

(0.115)

Number 

Authors

0.006 

(0.010)  

Open Access
0.0259 

(0.091)

Open Access Disaggregated

 Base: Closed

 OA-Repository
0.201 

(0.175)

 Full OA via publisher
-0.018 

(0.282)

Technologies Disaggregated

 Base: Batteries

 Biofuels
-0.370*** 

(0.129)

 Solar PV
-0.296*** 

(0.115)

 Wind
-0.375 

(0.499)

Year Controls No Yes Yes Yes Yes Yes

N 2,917 2,917 2,917 2,917 1,306 1,306

Adj. R2 0.002664 0.334  0.3345 0.3341 0.3082  0.3116 

Main Regression (All technologies, 2005-2013)

Dependent variable: Time lag between scientific publication and use in patent

OLS

Average Citation Impact (ACI) measures the impact a scientific publication published in year t had in a 

technological field i by dividing the total citations received compared to all other scientific articles published in 

the same year in the same technological field. The ACI is set to 1, which represents the average citation received 

by scientific articles in a technological field for a given year. Number of authors refers to the number of authors of 

the scientific article. Similarity Measure indicates how similar the citing patent is to the scientific paper. 

* p< 0.10, ** p<0.05,*** p < 0.01.



 Nonetheless, we are not only interested in what extent the diffusion lag is impacted by 

different factors, but also how the patent performs that relies on scientific articles with specific 

attributes, which we analyse in Table 3. The ACI of the scientific paper that the patent relies 

on is a strong and significant predictor of the citations that the patent receives in the five years 

following its publication. In the previous regression, the similarity measure indicated that more 

dissimilar paper-patent connections tend to diffuse more slowly. The regression in Table 3, 

however, shows that while more dissimilar content takes longer to be used in patents, the 

eventual impact of the patent is greater.  

 However, the number of authors on the scientific articles that the patents cite does not 

have a significant impact on the eventual impact of the patent, which stands in contrast to 

findings that co-authored scientific publications receive more citations from other publications 

due to greater visibility (Abramo and D’Angelo, 2015). The dummy for the same country of 

inventor and scientist is significant but only at the 10% level. This may indicate that while 

knowledge might flow quicker between more closely co-located scientists and inventors, these 

are not necessarily more impactful (measured by patent citations). Yet, the results from 

specifications 5 and 6 should be taken more carefully, as we lose more than half of our sample 

due to missingness in the data. Across the technological classes, solar PV inventions tend to be 

cited the most (possibly due to a greater stock of solar PV patents increasing the likelihood of 

receiving citations by another patent (Dechezleprêtre et al., 2011)) but there is no significant 

difference in our dataset between biofuels, batteries and wind technologies in terms of citation.  



 

Table 3: Impact of the subsequent patent on other patents (measured as citations received 

from other patents in the five years after publication). Source: author 

 

5.2. Geographic dynamics of diffusion 

It is also important to explore how much of the knowledge used in patents comes from inside 

and outside of the countries the inventors reside in. Figure 4 shows on the left-hand side the 

location of the scientists (which we took directly from the affiliation data of academic articles) 

(1) (2) (3) (4) (5) (6)

Average 

Citation Impact 

(ACI)

0.131*** 

(0.030)

0.136*** 

(0.027)

0.136*** 

(0.027)

0.137*** 

(0.028)

0.314*** 

(0.142)

Similarity 

Measure

-3.997** 

(1.920)

-3.6964** 

(1.900)

-6.234 

(4.949)

Number 

authors

0.066 

(0.053)

0.264 

(0.160)

Same Country 

Inventor and 

Scientist

-1.520* 

(0.891)

Technologies Disaggregated

 Base: Batteries

 Biofuels
0.202 

(0.190)

 Solar PV
0.635*** 

(0.168)

 Wind
0.359 

(0.7363)

Year Controls No Yes Yes Yes Yes Yes

N 2,917 2,917 2,917 1,306 1,306 1,306

AIC 11,759 11,683 11,631 11,631 5245.1 5244.6

Patent impact (All technologies, 2005-2013)

Dependent variable: Citations received in five years following publication of patent by other 

patents

Negative Binomial Regression (Marginal Effects)

Average Citation Impact (ACI) measures the impact a scientific publication published in year t had in a 

technological field i by dividing the total citations received compared to all other scientific articles published in 

the same year in the same technological field. The ACI is set to 1, which represents the average citation received 

by scientific articles in a technological field for a given year. Number of authors refers to the number of authors of 

the scientific article. Similarity Measure indicates how similar the citing patent is to the scientific paper. Same 

Country Inventor and Scientist indicate whether the authors of the scientific paper and the inventor of the patent 

are from the same country. 

* p< 0.10, ** p<0.05,*** p < 0.01.



and on the left side the country of residence of the inventors. Our dataset contains 63 ‘scientist-

countries’ linked to 54 ‘inventor-countries’. These are the 1,306 paper-patent links from 

specifications 5 and 6 from our previous regressions.  

 Several things are noticeable: First, on a general level, countries generally only capture 

a small fraction of the output of their scientists as knowledge diffuses widely across different 

economies. However, although most countries only capture a fraction of their own research, 

their inventors rely on scientific advances done elsewhere. Second, as these are patents 

registered in Europe, it appears that many European countries have a bigger share of the 

eventual patents than in the research these patents rely on. Yet, as these are patents registered 

at the European Patent Office (EPO), these are by nature overrepresented (so-called ‘home bias 

effect’ (De Rassenfosse et al., 2013)). Third, several big players produce a substantial number 

of scientific publications that patents rely on, particularly in Asia (e.g., China, Japan, South 

Korea), the United States, and major European economies. Smaller countries from the Global 

South are notably absent.  

 



 

Figure 4: Reliance of EPO inventors on the work of scientists by country. Note: citations are 

fractional counts, meaning that if a paper has three authors from three different countries each 

country receives one-third. Source: author 

 

 

 However, countries in our dataset differ substantially on the reliance on outside 

knowledge as can be seen in Figure 5. As our dataset relies on 1,306 patent-paper linkages, 

these numbers should be interpreted carefully, but underscore the international nature of 
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research. The countries can be divided into three main classes: medium reliance (50-75%), 

medium-to-high reliance (76-90%) and high reliance (and more than 90%). Countries with 

medium reliance includes big countries, such as China and the United States, which themselves 

have many universities (allowing them to explore more niche topics). Medium to high reliance 

are mostly European countries (such as Germany, Spain, but also Japan), which rely to more 

than 75% on scientific sources that originate outside of the country. Countries that are very 

highly reliant on outside research include countries such as the UK, Italy and South Korea. 

These are countries that are very open economies. The average for our entire dataset is that for 

each country around 81% of science used in patents is from outside of the inventors’ country.  

 

Figure 5: Reliance on outside clean-tech research by country. Source: author 

 

 Figure 6 shows the top-5 sources of knowledge for patents registered at the EPO in the 

four clean energy technologies. The rise of China in all four technologies is visible for batteries, 

biofuels, and solar PV. Our data for wind is more limited as we only have few observations 

and therefore only provides more limited information. The dominance of the US publications 

for European patents remains relatively high but is only slightly higher than China in all four 

clean-energy technologies. This is in line with recent findings of the European Innovation 
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Scoreboard (2018; p.1), which noted that Europe’s lead over China is “decreasing rapidly with 

China having improved almost three times [its innovation performance5] as fast as the EU”. 

Similarly, recent research estimated that scientific articles published in China received 37% of 

global academic citations (Xie and Freeman, 2019).  

 

 

Figure 6: Geographic location of outside knowledge. Clean-tech patents registered at EPO. 

Source: author; excludes patents where scientists and inventor are from the same country, 

which are around 20% of all patents. Only average reliance of wind patents on science due 

to low numbers. Source: author 

 

6. Conclusion 

As research productivity across major economic sectors is falling (Goldin et al., 2018), 

understanding the determinants of knowledge diffusion between scientific research and 

industrial application is critical (Bloom et al., 2017). This is particularly true for fields such as 

 
5 The European Innovation Scoreboard (2018) relies on various metrics related to the performance of national 

innovation systems, which includes framework conditions, investments, and innovation activity.  
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clean energy technologies that are already playing – and are poised to play – are a critical role 

in bringing the world economies’ trajectory in line with the two-degree target set out in the 

Paris Agreement (Dechezleprêtre, 2016).  

 We develop a novel data science method that connects scientific articles with patented 

technologies in a manner not undertaken before in the literature. Our analysis using the linkages 

between almost 3,000 paper-patent in four clean-energy technologies, shows that the diffusion 

speed between scientific publications and patents in these technologies has fallen from around 

six to two years between 2005-2013. As we observe this trend across all four technologies, it 

appears that larger forces are at play. We hypothesise that several factors influence this trend, 

such as increased competition and technological maturation (Hoppmann et al., 2013; Huenteler 

et al., 2016), the ascent of fast and widespread communication technologies (Greenstein, 

2010), and declining research productivity (hence, needing more research to maintain the same 

level of output) (Bloom et al., 2017). 

 Our detailed analysis of semantic and geographic proximity of the scientific sources 

used in patents in four main clean energy technologies registered at the EPO shows that articles 

that are more widely cited in the scientific literature also diffuse quicker from universities to 

firms, possibly due to higher visibility and quality for inventors. We also show that while 

scientific research that is more similar to the content of the patent diffuses quicker, more 

dissimilar content takes longer to be used in patents but is more impactful (possibly due to 

greater novelty of the patent, which combines more different sources of technology). In 

addition, our analysis suggests that physical proximity between scientists and inventors plays 

a role in knowledge diffusion, which has been documented in the literature before.  

 Our analysis also indicates that scientific teams are substantially more international 

than inventors. Scientific teams are around twice as likely to rely on international collaboration 

than inventor teams, which suggests that geographic distance for bringing a technology to 

market may be more important than for scientific research (possibly due to secrecy issues in 

patents and a greater reliance on local venture capital). We show that scientific research is used 

only to a small extent by the ‘home country’ (where the researchers reside), but diffuses widely 

across different countries. In our dataset, on average 81% of the scientific articles used are 

outside of the inventors’ country (or countries, for multinational teams). Yet, countries also 

benefit from their openness towards the research communities in other countries, as they absorb 

spillovers from research conducted abroad. Yet, our analysis also demonstrates that countries 

with large domestic markets and many universities (possibly allowing for a greater division of 

labour) rely to a larger extent on domestic sources, which can be seen for countries such as 



China, India, and the United States. In contrast, particularly European economies (such as the 

UK, Germany, and Spain) and smaller Asian countries (compared to India and China), such as 

South Korea and Japan, show a higher degree of reliance on outside knowledge. Hence, while 

scientific research appears to rely on international research networks, the application of such 

research has a greater domestic component.  

 Several limitations should be highlighted. There are various ways in which knowledge 

can ‘flow out’ of universities. While scientific publications are ranked by scientists as an 

important way to bring scientific insights towards technological application (Agrawal and 

Henderson, 2002), there are several other transfer channels not analysed in this paper, which 

include co-supervision of students between universities and firms, as well as consulting 

services provided by professors to firms. In addition, as only a few clean-energy patents cite 

scientific studies, our sample size is limited to around 3,000 patent-paper linkages. In addition, 

the similarity-content measure introduced in 3.1 relies on using the title of papers and patents 

(instead of abstracts due to missingness). Future research should use abstracts to introduce even 

more granularity in the similarity-content measure once better data becomes available.  

  Further research in this domain should analyse closely how more detailed measures of 

geographic distance influence diffusion speed (once better and more detailed inventor data 

becomes available). It would also be interesting to investigate to what extent the gender of 

scientists (female/male/diverse) leads to differences in the uptake of research. Here advances 

in machine learning can provide an interesting revenue for research, as most gender coding 

software rely on historical data, which is mostly limited to European names (which is not 

appropriate for the international nature of scientific research and patenting). In addition, 

expanding this analysis to technologies that go beyond the low-carbon technologies analysed 

in this paper (and patent offices outside of the EPO) is another fruitful future research avenue.  
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Figures

Figure 1

Calculation of similarity matrix between documents based on Heller Distance using a three-step
procedure. Note: p indexes a paper/patent, w is a word, and n indexes the number of the paper, patents, or
topics. While two identical documents have a Hellinger distance of 0, this is transformed via the similarity
measure S(P,Q) = 1 – H(P,Q). Source: author, based on Kim, Park and Yoon (2016)

Figure 2

Graphical representation of Latent Dirichlet Allocation (LDA) algorithm. Source: Blei et al. (2003)



Figure 3

Yearly publications in a) li-ion batteries, b) biofuels, c) solar PV, and d) wind energy that were cited by EPO
patents between 2005-2013. Note: Average Citation Impact is the citations that the article received
compared to the average citations article received in the same �eld in the same year (hence, an article
with ACI = 1 received the same citations that a scienti�c article received in the same �eld in the same
year). Source: author



Figure 4

Reliance of EPO inventors on the work of scientists by country. Note: citations are fractional counts,
meaning that if a paper has three authors from three different countries each country receives one-third.
Source: author



Figure 5

Reliance on outside clean-tech research by country. Source: author



Figure 6

Geographic location of outside knowledge. Clean-tech patents registered at EPO. Source: author; excludes
patents where scientists and inventor are from the same country, which are around 20% of all patents.
Only average reliance of wind patents on science due to low numbers. Source: author


