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ABSTRACT 

This paper proposes a new method for matching patents with academic publications to create 

patent-paper pairs (PPP). These pairs can identify instances where a research result is both 

applied in a patent and published in a paper. The study focuses on a sample of top research-

intensive universities and laboratories in Japan, utilizing a new dataset that contains patent-to-

article citations and a machine learning model as part of the matching process. Expert 

consultations were conducted to enhance the robustness of the methodology. Focusing on a set 

of 14 Japanese universities and 3 national research laboratories, using patent (USPTO) and 

publication data (OpenAlex) between 1998 and 2018, we built a dataset of 3,177 PPPs out of 

7,766 granted patents and 91,213 publications. The results demonstrate that this phenomenon is 

widespread in academia and our data show the diversity of the academic disciplines and technical 

field involved, highlighting the intricate connections between scientific and technical concepts and 

communities. On the methodological side, we documented in-depth complementary validation 

techniques to enhance the precision and reliability of our matching algorithm. Using open-source 

data, our methodology is adaptable to diverse national contexts and can be readily adopted by 

other research teams investigating similar topics.  
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1. INTRODUCTION 

 

The Bayh-Dole Act, which was introduced in the United States in 1980, allowed for US universities 

to patent and exclusively license their inventions, even if they originated from publicly funded 

research projects. Similar legislations were subsequently enacted in most European countries 

(Mowery and Sempat, 2005), Japan (Kneller, 2007) and Asia (Wong, 2011); resulting in an 

increase in academic patenting, even though other factors influenced this upward trend (Mowery 

et al. 2001; Sampat, 2006). 

 

While the impact of an increasing reliance on intellectual property rights (IPR) by academic 

scientists has initiated intense academic and policy discussions (Compagnucci and Spigarelli 

2020), we are mostly interested in this paper in exploring instances where knowledge has both 

scientific value and commercial potential. Stokes (1997) proposed a classification where both 

objectives can be met through "use-inspired basic research," conducted in "Pasteur's quadrant." 

Fiona Murray developed a practical approach to implement this concept, utilizing patent-paper 

pair (PPP) as a means of identifying instances where a discovery/idea is both applied in a patent 

and published in a paper (Murray, 2002; Murray and Stern, 2007). 

 

Several pairing strategies have been proposed to find PPPs. These approaches have primarily 

focused on the biotechnology domain and include manual pairing methods used by Ducor (2000), 

Murray (2002), Murray and Stern (2007), and Martelli and Remo (2019). In biotechnology as well, 

Magerman et al. (2015) proposed text-mining algorithms to perform the pairing process, while 

Lissoni et al. (2013) initiated a data-mining approach, which focuses on a set of Italian academic 

inventors. 

 

In this study, we present a novel method for matching patents with academic publications. Our 

approach involves three key modifications to existing methods. First, rather than limiting our 

investigation to a particular field, we have chosen to focus on institutions with shared patenting 

and publication strategies. Specifically, we selected a sample of top research-intensive 

universities and laboratories in Japan. Secondly, we utilized a new dataset (Marx and Fuegi, 

2020, 2022) that contains patent-to-article citations, which enabled us to identify common citation 

patterns between patents and papers. This approach is particularly relevant for our study, given 

that academic scientists rely heavily on citations as a means of allocating credit, and it is deeply 

ingrained in their social practices (Merton, 1973). Finally, we propose the use of innovative 

semantic analysis and machine techniques as part of our matching process. 

 

Our model was tested in Japan, a country with a university system that has undergone significant 

changes in the past two and a half decades, placing a strong emphasis on commercialization, 

patenting, and technology transfer activities. These changes were initiated by the Science and 

Technology Basic Law in 1995 and the Incorporation of National Universities in 2004 (Carraz and 

Harayama, 2008). Furthermore, Japan’s national government has invested heavily in upgrading 
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its national innovation capabilities with a strong emphasis on upgrading research facilities at 

national research laboratories and universities (Carraz and Harayama, 2018). Expert 

consultations were conducted to discuss the patenting and publication processes at national 

universities and laboratories, thereby enhancing the robustness of our methodology. 

 

In this paper, we present a novel method for building PPPs. As an application we constructed a 

sample of 3,177 PPPs between 1998 and 2018, focusing on a set of 14 Japanese universities 

and 3 national research laboratories. The scientific domains of interest include Computer Science, 

Environmental Science, Engineering, Materials Science, Chemistry, Biology and Physics 

(classified by the OpenAlex Class 0 list1). To create our sample, we first obtained 7,766 USPTO 

granted patents for all the institutions and matched the inventors of these patents to 91,213 papers 

using OpenAlex database, resulting in 17,286 potential PPPs. Next, we developed our score 

system and employed machine learning to develop an indicator model that assesses the 

likelihood of a match.  

 

The paper proceeds as follows. Section 2 provides a review of the existing literature and proposes 

several paths to improve the matching process. Section 3 describes the Japanese context. While 

section 4 outlines the data collection process, Section 5 and Section 6 introduce our scoring 

system, validation strategies and the PPP identification model used in this study. Section 7 

presents the results and provides some descriptive statistics. Finally, Section 8 offers concluding 

remarks and possibilities for further research. 

 

2. LITERATURE REVIEW 

2.1. Patent-Paper Pair (PPP) 

Investigating the emergence of scientific and technological innovations has led to a growing 

interest in the interaction between science and technology. Murray (2002) proposed an original 

approach for documenting the connections between the scientific and technical community. She 

introduced the concept of patent-paper pair (PPP). PPPs are formed when a scientific discovery 

or invention described in a published research paper is at the same time granted as patent, thus 

indicating the convergence of scientific and technical concepts. 

 

As Murray (2002, 1392) puts it, these two documents can be used for: “a natural experiment 

because they transcribe the same idea and yet the texts are distinct—a paper describes 

experimental results, while a patent defines utility and makes claims on inventiveness.” The 

emergence of this concept is rooted in the recognition that the communication of scientific 

research findings through publications and the protection of inventions through patents are two 

separate, but closely related activities that serve different purposes. Nobel Laureate William 

                                                
1The concepts and their position on the list can be found here:   https://docs.openalex.org/api-
entities/concepts | Accessed 25.02.2023 

https://docs.openalex.org/api-entities/concepts
https://docs.openalex.org/api-entities/concepts
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Schockley's invention of the transistor is a classic example of a PPP. He started to do research 

on the transistor after the end of the War in 1945 which led to a major discovery in January 1948, 

he filed for a US patent in June of the same year and published his theory in 1949 (Huang and 

Murray, 2009; Gertner, 2012). 

 

PPPs provide a valuable resource for examining situations when science and technology have 

common roots. They demonstrate how scientific and technical concepts and communities are 

interconnected. By analyzing the overlap between scientific research and innovation, researchers 

could better understand the factors that drive technological progress and the role of scientific 

knowledge in that process. PPPs can also provide insights in a variety of subjects addressed in 

the literature, such as the use of IPR’s strategies by academic researchers (Powell and Owen-

Smith, 2008), academic contribution to innovation (Kang and Motohashi, 2020), the diffusion and 

localization of scientific knowledge (Zucker et al. 1998; Bonaccorsi and Daraio, 2005), the impact 

of patenting on scientific publication (Azoulay et al., 2009), and the potential barriers to the 

dissemination of scientific knowledge (Walsh et al., 2007; Heller and Eisenberg, 1998). In 

addition, a PPP presents an opportunity for analyzing two distinct, yet potentially overlapping, 

citation networks: a technical and a scientific (Jaffe and Rassenfosse, 2019).  

2.2. Patent-Paper Pair Generation 

One of the challenges in conducting empirical studies on the interaction between scientific 

research and patenting is to create an appropriate matching of patent applications and scientific 

publications. Manual matching method has been adopted by many researchers as it is a relatively 

simple way to link patents to papers (Ducor, 2000; Murray, 2002; Murray & Stern, 2007; Martinelli 

& Romito, 2019). For example, Murray and Stern (2007) built a dataset of 169 PPPs to test the 

anti-common hypothesis. They first looked at 340 novel research articles in the journal Nature 

Biotechnology and then found compatible patents in USPTO data based on authors’ information, 

affiliation, and the article-patent content. Martinelli and Romito (2019) followed a three-step 

process to match 1,652 patents in the field of cancer detection with publications in the Web of 

Science (WoS) database and identified 373 valid results. The matching process involved 

searching for patent inventors who were also authors, comparing patent and paper publication 

dates within a two-year limit, and ensuring correspondence of topics by matching patent and 

paper abstracts and contents using keyword searches. While these methods have the advantage 

of being comprehensive and reliable, it has some limitations as well. For example, it is possible 

that an inventor did not contribute to the paper or that the paper was written by someone else 

who did not file the patent. Additionally, some inventors or authors may use different names in 

different contexts, which can make linking patents to papers more difficult. 

 

Another approach is to use semi-automated and automated techniques that rely on search engine 

and text mining algorithms to identify the associations between patents and scientific publications. 

Those techniques have become increasingly popular due to the large volume of data involved 

and the need for accuracy and efficiency. For instance, out of a population of 4,270 human gene 

patents (covering almost 20% of 23,688 known human genes), Huang and Murray (2009) could 

identify 1,279 human gene PPPs. These pairs were selected by the shared disclosure of a gene 
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sequence in the “gene paper” and in the claims of the “gene patent” (Murray and Stern, 2007; 

Huang and Murray, 2008). The matching process was therefore limited by the availability of gene 

sequences as discriminatory elements for the matching process. On the other end of the 

spectrum, Magerman et al. (2015) proposed a matching process based on the content similarity 

of titles and abstracts of patents and publications, as derived by text mining algorithms. From a 

starting database of 88,248 biotech patents and 948,432 biotech publications, they found 645 

PPPs. Even if their method seems to be robust and can potentially identify pairs that were missed 

by the inventor/author-based approach, they are most likely excluding many valid pairs (false 

negative), as the content of patent and publication abstracts are believed to be different (Myers, 

1995). 

 

Until now, the construction of patent-paper pairs has been impeded by common challenges, 

including the significant amount of time required to perform the matching process, as well as being 

narrowly tailored to specific fields such as biotechnology. These obstacles have hindered the 

applicability to more diverse areas of research, the generalizability of their findings, and made it 

difficult for researchers to establish a comprehensive understanding of the interactions between 

concomitant scientific research and patenting. 

 

Considering these shared limitations, there is a pressing need for a new and hybrid approach to 

overcome these challenges. We aim to address these limitations by proposing a novel method 

that incorporates a scoring system and machine learning techniques to create PPPs accurately 

and efficiently. Therefore, our study offers a potentially useful tool for discovering the complex 

interplay between public and private knowledge. 

 

3. JAPANESE CONTEXT 

 

In Japan, university-industry collaboration increased significantly after the introduction of the 

Science & Technology Basic Law in 1995, the Act on the Promotion of Technology Transfer from 

Universities to Private Business Operators (TLO Act) in 1998 which facilitated transparent and 

contractual transfers of university discoveries, and the Japanese Bayh-Dole Act, part of  the 

Industrial Revitalization Special Law, in 1999 (Takenaka, 2005). 

 

In 1999, the General Law on Administrative Agency was adopted, as a result most national 

research institutes were incorporated and became Independent administrative agencies 

(Dokuritsu Gyôsei Hôjin) by 2001 and were separated from their regulating ministries. The aim of 

this reform was to give agencies considerable autonomy in their operations, in how to use their 

budgets, and taking advantage of the flexibility given to the structures to achieve higher 

performance (Shiozawa and Ichikawa, 2005).  

 

In April 2004, national universities were also incorporated as independent administrative agencies 

(Carraz and Harayama, 2008). As a result, national universities gained greater autonomy in 

managing their intellectual properties (IP). For instance, they can now manage the ownership of 
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their invention, which was seldom the case before the Incorporation, and directly manage their 

relations with outside partners (Takahashi and Carraz, 2011). As a result, the number of 

university-owned patents greatly increased since 2004, before patent applications were mostly 

applied by a university partner with university researchers being usually listed as inventors 

(Kanama and Okuwada, 2008). 

 

We initiated data collection from 1998 due to the heightened commercialization of university 

inventions, sparked by the implementation of the TLO Act and the subsequent year's Japanese 

Bayh-Dole Act. This led to a notable surge in universities' patent ownership. Furthermore, the 

management of intellectual property has had time to become more professionalized since 1998. 

In order to have an up-to-date understanding of the current IP practices among national 

universities and laboratories, we conducted two interviews in November 2022 with IP experts from 

Tohoku University, a national public university, and RIKEN (Institute of Physical and Chemical 

Research), a national research laboratory. At Tohoku University, we talked with an IP specialist 

and a lawyer at the New Industry Creation Hatchery Center, the innovation center of the university 

that promotes technology transfer and supports academic entrepreneurs. While at RIKEN, we 

discussed with a former executive director in charge of technology transfer. Each interview lasted 

for around 60 minutes. 

 

During the interviews, we discussed 3 dimensions:  the patent application procedure; the policy 

of the institutions regarding authorship of a paper and inventorship in a patent; and whether or 

not they were aware if ‘same’ research being used in both a patent and a paper by researcher 

within their institution (patent-paper pair). 

 

Regarding the procedure, for national universities and research laboratories, the processes are 

quite similar. They are described in Figure 1, first an invention disclosure is made by a scientist, 

second it is evaluated by the IP division of the university and internal committees, then it is sent 

to a patent attorney and finally it is submitted to the Japan Patent Office. Usually, all selected 

patents are first applied at the Japanese Office, then depending on cost considerations and 

marketability they may be applied abroad.  

 

In terms of authorship, Tohoku University follows an internal guideline for the Appropriate 

Publication of Research Results2, where the scope of authorship is “based on substantial 

contributions to research” and as a general rule they follow guidelines from the Japanese Society 

for the Promotion of Science, a leading research funding agency in Japan, which stipulate that 

authorship involves “Substantial contributions to the conception or design of the work; or the 

acquisition, analysis, or interpretation of data for the work”3. While for inventorship they follow the 

Japan Patent Office guidelines for inventorship where the inventor as to be an actual contributor 

for the creation of the invention4.  

                                                
2 http://bureau.tohoku.ac.jp/kenkyo/fb/files/rules/7.pdf | Accessed 21.08.2023 
3 https://www.jsps.go.jp/file/storage/general/j-kousei/data/rinri_e.pdf | Accessed 21.08.2023 
4 https://www.jpo.go.jp/resources/shingikai/sangyo-kouzou/shousai/tokkyo_shoi/document/seisakubukai-
06-shiryou/paper07_1.pdf | Accessed 21.08.2023 
 

http://bureau.tohoku.ac.jp/kenkyo/fb/files/rules/7.pdf
https://www.jsps.go.jp/file/storage/general/j-kousei/data/rinri_e.pdf
https://www.jpo.go.jp/resources/shingikai/sangyo-kouzou/shousai/tokkyo_shoi/document/seisakubukai-06-shiryou/paper07_1.pdf
https://www.jpo.go.jp/resources/shingikai/sangyo-kouzou/shousai/tokkyo_shoi/document/seisakubukai-06-shiryou/paper07_1.pdf
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Figure 1: Patenting process at National Universities 

 
 

Although we do not claim legal expertise and acknowledge the complexity of the topic. Based on 

our conversations and analysis of relevant documents, we offer a hypothesis that the inventorship 

process appears to exhibit a relatively uniform approach across national universities and 

laboratories, whereas the criteria for inventorship appears to be comparatively more stringent. 

This observation is consistent with the findings of Lissoni et al.'s (2013) research on Italian 

inventors.  

 

Regarding the association between patents and publications, the three experts we interviewed 

suggested that while they were unaware of the extent of the phenomenon, they believed that such 

an association does exist. As a rule, universities generally advised researchers to prioritize 

patenting before publication on a discovery, although this practice cannot be strictly enforced. 

With regard to the contents of abstracts in research papers and patents, the experts noted that 

differences are likely to arise due to the involvement of patent attorneys in drafting patent 

abstracts. Additionally, they also highlighted that the level of researcher input during this process 

may vary depending on factors such as individual circumstances, interest, and experience, 

creating possible heterogeneity in the process. 

 

As for the selection of our unit of analysis for this on-going research, we decided to select the top 

14 universities in Japan in terms of their active foreign patent portfolio; they represent 55.72% of 

all the applications, with 10,636 active patents (see Annex Table A1). On top of that we choose 

the top 3 Japanese national research laboratories, in terms of research personnel: RIKEN 

(Institute of Physical and Chemical Research), AIST (National Institute of Advanced Industrial 

Science and Technology) and MIMS (National Institute for Materials Science)5. 17 research-

intensive institutions are included in the sample.

                                                
5 https://www.mext.go.jp/en/about/relatedsites/title01/detail01/1373967.htm & 
https://www.meti.go.jp/policy/economy/gijutsu_kakushin/4kokuken/index.html | Accessed 25.02.2022 

https://www.mext.go.jp/en/about/relatedsites/title01/detail01/1373967.htm
https://www.meti.go.jp/policy/economy/gijutsu_kakushin/4kokuken/index.html
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4. DATA COLLECTION  

4.1. Potential Patent-Paper Pair Identification 

4.1.1. Patent Selection 

We acknowledge that academic institutions play a crucial role in fostering technical innovation 

through patenting and scientific knowledge creation through publishing. They provide the 

necessary resources and infrastructure to support research and development activities that lead 

to patentable inventions and scientific publications (Klevorick et al. 1995, Etzkowitz et al., 2000; 

Shane, 2004; Mowery and Sampat, 2005). Therefore, to guarantee that our analysis accurately 

captures the trends and patterns in patenting behavior of Japanese institutions, we focus on 

exploring patents granted to the top 14 universities in Japan and the top 3 research institutions 

(see Annex Table A1). These institutions were selected because they best represent the diverse 

range of research conducted in the country, they have different institutional settings (public and 

private; medical and nonmedical; university and national laboratory) and cover a broad range of 

scientific fields. 

 

We obtained the patent data from the United States Patent and Trademark Office (USPTO) 

through PatentsView6, a patent data visualization and analysis platform that offers publicly 

accessible patent research datasets with detailed documentation. We first extracted patent data 

by Assignee where the associated assignee belongs to one of our target institutions. All possible 

name variances of these institutions were also considered to ensure that we gathered all relevant 

patents. Next, we filtered the data by date, covering the period from 1998 to 2018. For each 

patent, we considered the earliest filing date as the priority date. In cases where the patent was 

not first filed in the US, we compared the US filing date with the foreign priority date and selected 

the earlier one. This resulted in a set of 7,766 USPTO patents. 

 

Based on the unique US patent ID, we then retrieved patent information such as patent title, 

patent abstract, publication date and inventor names. Additionally, we accessed a public dataset 

provided by Marx and Fuegi (2021, 2022) to obtain information about publications cited in each 

patent. This dataset contains citations from both U.S. patents (1947-2018) and non-US patents 

(1782-2018) to scientific articles (1800-2018), comprising approximately 22 million patent 

citations to scientific literature. The citations were provided in the form of Digital Object Identifier 

(DOI) numbers, which we use to identify and access the corresponding scientific articles.  

 

                                                
6 For more information: https://patentsview.org/  

https://patentsview.org/
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4.1.2. Publication Selection 

The process of selecting relevant publications for our study involved the use of OpenAlex7 as a 

primary source. OpenAlex is an online open database that provides access to a comprehensive 

up-to-date collection of scholarly papers. By leveraging this resource, we aim to identify all 

publications where one of the inventors of our retrieved patents was a first or last author. 

 

To guarantee that we are only securing publications authored by our list of inventors, we used a 

combination of author name and authorship institution information to filter our works. We started 

with a pool of 31,193 unique inventors belonging to our selected patents. We found 14,730 name 

matches in the OpenAlex database, with a total of 91,222 unique author IDs associated. We 

denominated these as candidates. This is due to the fact that several distinct authors can have 

the same name. Then, we queried OpenAlex again to obtain 295,387 works where at least one 

of the candidates is either first or last author. Next, we filtered out those works where the 

authorship information does not include any of our whitelisted institutions. This ensures that for 

each paper, one of the candidates has participated while being associated with one of our 17 

institutions of interest. In total, this yielded 91,239 publications that meet our stringent selection 

criteria.  

 

However, it is important to consider the nature of certain publications in this count. Experts and 

researchers we consulted noted that review papers pose challenges in our investigation. These 

papers frequently lack direct relevance to specific research projects and tend to cover a wide 

range of topics, complicating the direct correlation between a patent and a paper. To circumvent 

this issue and maintain the integrity of our selection criteria, we implemented an additional step. 

We excluded 26 papers from our dataset that had the word "review" in their titles. This strategic 

exclusion helped us to further refine our dataset, ensuring that our analysis is based on direct 

patent-paper pairs rather than on broader review papers. Consequently, our final dataset was 

narrowed down to a total of 91,213 publications, providing a more accurate and relevant basis for 

our analysis. 

 

At this stage, we also identify the related work associated with each of the publications through a 

function offered by OpenAlex. The system uses an algorithm to find recently published works that 

share the most common concepts with the original paper8. OpenAlex’s concept is the modified 

version of the Microsoft Academic Graph (MGA) classification system, identified by an automated 

classifier trained on MAG data. To find the related work of a paper, OpenAlex seeks publications 

that have similar concepts in its pools of more than 65,000 unique concepts. This information is 

critical in our study as it enables us to later compare it with that of publication in potential matches. 

Finally, we randomly selected a related work among those provided by OpenAlex. The process 

helps to avoid bias towards any specific publication and to have a representative sample of related 

work as our control sample to compare our findings against. 

 

                                                
7 For more information: https://openalex.org/about 
8 For more information: https://docs.openalex.org/api-entities/concepts 
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4.1.3. Matching Process 

Our objective is to pinpoint accurate patent-publication pairs within a defined time frame. We aim 

to establish the necessary time constraint to facilitate the identification of matches from a pool of 

7,766 USPTO patents and 91,213 publications. To verify the eligibility of the patent-publication 

pairs, we employed a time condition which mandates that the publication date falls between the 

patent priority date and patent grant date. The time frame considered is such that it satisfies the 

following requirement: 

 

(1)  - 365 days < Time difference between paper publication’s date and patent priority date < 

365*2 days. 

 

This time range has been set to ensure that the identified patent-publication pairs have a 

significant temporal overlap, and any similarities or commonalities between them can be 

effectively analyzed. Specifically, it allows for a time lag of up to three years between the patent 

priority filing date and paper publication date. This is founded on the belief that three years 

provides sufficient time for the inventors to prepare manuscripts, submit them for publication and 

get their paper published. 

 

Utilizing the established time range, we were able to identify a total of 17,286 potential matches. 

These potential matches are based on a set of specific conditions that we have set forth to ensure 

the validity and accuracy of the matches. These conditions include (1) a match where the paper’s 

author is one of the inventors named in the patent, (2) at least one author’s affiliation in the paper 

is one of our 17 Japanese institutions, and (3) the publication date falls within the proposed time 

frame. Moreover, we also generate a control sample in the form of PPPs that share similarities 

but are deemed as non-matches.  To achieve this, we employed OpenAlex's related_works 

function, which utilizes an algorithm to identify recently published works that share the most 

common concepts with the original paper. The rationale behind creating this control sample is to 

establish a baseline for comparison with potential matches. By doing so, we aim to evaluate the 

reliability of our scoring system and to test our hypothesis that the scores assigned to the control 

sample will be comparatively lower than those assigned to potential matches. Additionally, this 

enables us to scrutinize the behavior of our scoring system and to identify any potential anomalies. 

 

4.2. Labeled Data Acquisition 

For the purpose of training and evaluating a machine learning model which is able to identify a 

match, we create a labeled dataset consisting of 726 PPPs. This dataset consists of two distinct 

segments: one verified by the researchers themselves and the other manually validated by our 

team. 

 

The first portion of the dataset was validated by the researchers directly involved in the creation 

of PPPs. We initiated contact with researchers who were listed as inventors in patents and authors 

in research papers simultaneously. We achieved this through email by having 90 researchers 

assess the accuracy of our suggested PPPs. Selected from our potential PPP pool, participants 



11 

included the 455 researchers with over 3 potential PPPs, with the highest count being 178 for a 

single researcher. Subsequently, we randomly selected 3 to 20 PPPs for each researcher and 

inquired via email about their evaluation of them as potential matches. We identified 365 email 

contacts and sent our request between January and March 2023, including one reminder. Table 

1 illustrates the achieved response rate of 24.65%. From this process, we obtained 195 instances 

labeled as True Matches and 317 instances labeled as False Matches. Instances with missing 

values were excluded, leaving us with a dataset of 147 True Matches and 259 False Matches.  

 

Table 1: Results for Patent-Paper Pairs Emails and Matching 

Researchers with more than 3 potential PPPs 455 

Email contacts & sent 365 

Responses 90 

Response rate 24.65% 

Number of PPPs evaluated 512 

True matches 195 

False matches 317 

 

 

The second part of our dataset was validated through a meticulous visual validation process which 

was executed in a series of steps to ensure the accuracy and reliability of the dataset. To ensure 

the robustness of our findings, we randomly selected 600 pairs from the pool of 17,286 potential 

PPPs, and did evaluate the adequacy of the match. Firstly, we checked the information related to 

the individuals involved in both the patent and publication. This included a review of the authors 

and inventors associated with each document, as well as their respective affiliations and 

contributions. Next, the title and abstract of both the patent and publication were analyzed to 

determine if they shared any common themes or topics. This involved a detailed examination of 

the content in both documents using keywords search, as well as an assessment of the main 

ideas presented in each. The final and most critical step involved searching for similarities in the 

images, charts, and diagrams in both documents. If identical graphs or images were found in both 

documents, we classified them as a PPP with high confidence, despite any potential 

imperfections. This approach originated from dialogues with some of the 90 surveyed 

researchers, serving as a pairing strategy. However, the absence of identical graphs in both 

documents did not automatically disqualify a pair as a PPP. To avoid the risk of mislabeling or 

overlooking potential PPPs, pairs without identical graphs were not included in the labeled 

dataset, rather than being labeled as False Matches. Through this visual validation process, we 

identified 216 PPPs, which were subsequently labeled as True Matches. 

 

In order to maintain the label balance of our training dataset, it is crucial to incorporate an equal 

representation of both True and False instances. This balanced approach is essential to prevent 

the model from developing a bias towards the majority class, which could lead to inaccurate 
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predictions and undermine the model's performance. Consequently, we supplemented our 

training dataset with 104 negative matches derived from our control sample of related works. 

These instances were subsequently labeled as False Matches. The inclusion of these negative 

matches serves to enhance the diversity of the training data, thereby improving the model's ability 

to generalize from the training data to unseen instances. 

 

The evaluation and labeling process resulted in a dataset comprising 363 True Matches and 363 

False Matches, providing a robust foundation for subsequent analyses. Table 2 provides the 

descriptive statistics of our labeled data. 

 

Table 2: Summary statistics of a labeled dataset of True matches and False matches 

 True Matches False Matches 

Mean number of inventors 3.94 4.73 

Mean number of authors 4.80 5.26 

Patent time range 1998 - 2017 2000 - 2017 

Paper time range 1999 - 2018 2001 - 2020 

Mean time difference (days) 297.58 830.24 

Count 363 363 

 

5. SCORING SYSTEM 

To assess the similarity between patents and academic papers, we develop a new matching 

algorithm that integrates multiple factors such as inventor_score, semantic_similarity_score, 

word_overlap_score, and citation_overlap_score. Each of these scores provides a unique 

perspective on the relationship between a given patent and scholarly paper and helps to 

determine whether they are a pair or not. 

 

The inventor score is an important component of the system as it captures the level of 

representation of those who are inventor-author in the inventive process. Previous studies have 

highlighted the importance of considering the involvement of individuals who contribute to creating 

invention and scientific knowledge when evaluating PPPs. While Huang and Murray (2009) as 

well as Martinelli and Romito (2019) used a restrictive definition that all inventors had to be 

authors, Lissoni et al. (2013) adopted a looser condition which only required one of the inventors 

belong to the author group regardless of the position of the author. Our approach falls somewhere 

in the middle, striking a balance between being sufficiently flexible to accommodate a range of 

factors, yet not so permissive as to compromise the integrity of our analysis. As a part of our 

method, we have set the requirement that the first author or last author must belong to the inventor 

group. This is because the first author of a research paper is often the person who contributed 
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the most to the research and who is primarily responsible for the content of the paper. Meanwhile, 

the last author often represents the senior author or principal investigator who supervised the 

research. In many scientific disciplines, the last author position denotes a leadership role, 

reflecting significant intellectual contribution and overall responsibility for the research study 

(Baerlocher et al, 2007; Müller, 2014). This dual focus helps to establish a clear connection 

between the research and the patent, and ensures that the key contributors to the research and 

the invention process are properly credited. Based on our proposed requirement, we calculate 

the inventor score by dividing the number of overlapping inventors and authors by the total number 

of inventors.  

 

(2) Inventor_score = (Number of researchers who appear in both patent and paper)/(Total 

number of inventors in the patent) 

 

Another component of the scoring system is the semantic_similarity_score. It measures the 

similarity between the title and abstract of patents and papers. The title and abstract of a patent 

and a paper provide important information about their content and can be used to identify potential 

matches (Landauer et al., 2007; Magerman et al., 2015). To calculate the score, we leveraged S-

BERT, a language model trained to obtain meaningful sentence or paragraph embeddings, with 

the goal of leveraging them in tasks such as semantic similarity. The model determines the 

semantic similarity between two texts by computing the cosine similarity among the embedding 

vectors of the titles and abstracts in each PPP. 

 

We chose this approach due to its stronger results than TF-IDF (Term Frequency - Inverse 

Document Frequency) and GloVe (Global Vectors for Word Representation) embeddings in 

semantic similarity benchmark as reported by Reimers and Gurevych (2019), as well as the ease 

of application thanks to the Python framework SentenceTransformers provided by these authors.9  

 

One powerful property of this method is that the embedding is computed in a context-aware 

manner: the model considers the meaning of each word within the context of the surrounding 

words, thus being able to capture nuances in word meaning and how they contribute towards the 

meaning of the whole text. Since the direction of each word’s representation vector symbolizes 

its semantics, and the angle formed among a pair of vectors can show their closeness, the cosine 

of the angle between the vectors can symbolize how semantically similar two texts are. Hence, 

the cosine similarity metric is able to capture semantic similarity among words.  

 

(3) Semantic_similarity_score = (Semantic similarity score of patent and paper’s title + 

Semantic similarity score of patent and paper’s abstract)/2 

 

The word_overlap_score is another measure of the similarity between a patent and a paper based 

on the number of overlapping words in their respective titles and abstracts. It is worth noting that 

the word_overlap_score may not be a strong signal due to the difference in writing style in patent 

and publication documents (Myers, 1995). However, we believe that this score can still be useful 

                                                
9 For more information: https://www.sbert.net/index.html 
 

https://www.sbert.net/index.html
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in indicating PPP. To calculate the score, we first lemmatized and removed stopwords from both 

texts. We then calculated the number of overlapping words between the patent and paper and 

divided it by the total number of words in the patent title and abstract. This score ranges from 0 

to 1, with higher scores indicating a higher degree of overlap between the patent and paper. 

 

(4) Word_overlap_score = (Number of overlapping terms in patent and paper’s title and 

abstract)/(Total number of terms in the patent title and abstract) 

 

Finally, we consider the overlap of publication references (citation overlap score) between the 

patent and paper as an indicator that evaluates the extent to which a patent and paper references 

the same previously disclosed scientific knowledge. This is important as it enables us to trace 

scientific development of each PPP and investigate their connections. Both patents and 

publications need to establish that the idea they are describing is new and specially for patents, 

non-obvious. As a result, they often cite prior art; existing publications that describe similar or 

related inventions as a way of presenting the context of their work or demonstrating the relevance 

of their findings. Since both patent and publication are trying to establish the novelty of the 

invention they are describing, PPPs may end up citing some of the same prior art. To the best of 

our knowledge, no prior study has utilized the citation overlap score for patent-paper matching 

evaluation. Our approach thus provides a unique perspective on the topic and has the potential 

to offer valuable insights into the relationship between patents and academic research. The 

citation_overlap_score is then calculated by dividing the number of publication references 

appearing in both documents by the total number of publication references in the patent. 

 

(5) Citation_overlap_score = (Number of overlapping publication references in patent and 

paper)/(Total number of publication references in patent) 

 

We aimed to test the validity of this relatively new metric by comparing with a control sample of 

negative potential matches, which exhibit similarities in the knowledge mobilized but are ultimately 

considered non-matches. We limited our negative matches to those papers that met our time limit, 

Equation (1) criteria, and had no common authors with our matching candidate. Subsequently, 

we calculated scores using Equation (4) for all our matches and this control sample. 

 

The results of our analysis are presented in Figure 2, which compares the citation overlap scores 

for our matching sample with those of our control sample of related works. Notably, the scores of 

our potential match sample are significantly higher than those of the control sample in all the 

distributions. Thus, we hypothesize that the overlap of publication references between a patent 

and paper within a pair is a strong indicator of a match. Our findings support the utility of the new 

dataset gathered by Marx and Fuegi (2020, 2022) and contribute to the development of effective 

matching instruments. 
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Figure 2: Citation_overlap_score between potential matches and negatives matches (control 

sample) 

 

 
 

 

6. PPPs IDENTIFICATION MODEL 

6.1 Logistic Regression Model 

 

In the next step, we used four features which are the inventor_score, semantic_similarity_score, 

word_overlap_score, and citation_overlap_score as predictors in our model. We believe that 

these features capture different aspects of the problem and are complementary to each other.  

 

In this research, we aimed to develop a binary logistic regression model for predicting the binary 

outcome of PPPs. To achieve this, we utilized scikit-learn, a popular and efficiently implemented 

machine learning toolkit in Python, with default parameters for binary logistic regression10 (Hao et 

al., 2019). Logistic regression is a type of statistical model that predicts the probability of a binary 

outcome based on one or more predictor variables. We chose a logistic regression model for its 

simplicity and interpretability. Our input data consisted of PPPs, which were relatively simple and 

easily separable. Therefore, we did not need to use a more complex or advanced approach. 

 

The logistic function, also known as a type of sigmoid function, is a mathematical function that 

maps any real-valued number to a value between 0 and 1. This makes it particularly useful for 

predicting probabilities. In our binary logistic regression model, the logistic function is used to 

transform a linear combination of predictor variables into a probability that the outcome variable 

                                                
10 For more information: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html
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belongs to the positive class. The formula for binary logistic regression used in our study is as 

follows: 

 

(6) P(Y=1|X) = 1 / (1 + e^-(β0 + β1*inventor_score + β2*citation_overlap_score + 

β3*semantic_similarity_score + β4*word_overlap_score)) 

 

where P(Y=1|X) represents the probability of the positive class given the values of the predictor 

variables which are inventor_score, citation_overlap_score, semantic similarity_score and word 

overlap_score; β0 is the intercept; and β1 to β4 are the coefficients that represent the effect of each 

predictor variable on the outcome.  

 

6.2 Comparative models 

In our research, we utilize our labeled data to establish an equitable testbed for the comparison 

of various methodologies, including our own linear model, and those proposed by Lissoni et al. 

(2013), and Magerman et al (2015). 

 

We replicated the method proposed by Lissoni et al. (2013), which involves creating a binary bag 

of words fitted on the training data, consisting of patent and paper documents (title and abstract) 

from the training subset of the data. We applied stopword removal as described in their 

methodology but refrained from stemming or lemmatization. Subsequently, we computed the 

cosine similarity among the bag-of-word vectors of the training data and determined the similarity 

score at a predetermined percentile (the 90th percentile or top 10%, as used by Lissoni et al. 

(2013)). To predict whether a new pair is a match, we vectorized the documents using the same 

bag-of-words transformation, computed the cosine similarity. The model returns true if it exceeds 

the threshold value. 

 

We also re-implement the methodology of Magerman et al. (2015), which does not necessitate 

fitting on any training data, as it employs predefined threshold values. Initially, we removed stop 

words and applied the Porter stemmer. Subsequently, we computed two word overlap metrics: 

- (Number of overlapping words)/(Minimum number of words among patent document and 

paper document) 

- (Number of overlapping words)/(Maximum number of words among patent document and 

paper document) 

 

For a pair to be considered a match, it must satisfy three conditions: the first score must exceed 

0.6, the second score must exceed 0.3, and at least one inventor must be an author. The latter 

condition is consistently satisfied in our labeled data. 
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6.3 Training and evaluation methodology 

To evaluate the performance of the model on the labeled data, we used stratified 5-fold cross-

validation. This means that the data is split into five buckets, out of which 4 are taken for training 

and the 5th is used for testing model performance. This is done 5 times, each time the testing will 

be done on a different bucket. Stratification means that the buckets are created with an equal 

proportion of true and false labels. 

 

Additionally, while creating a test scenario for fair comparison with the models by Lissoni et al. 

(2013) and Magerman et al. (2015), we used one 80-20 split, and calculated the performance of 

all three models on the same test split. Since machine learning models perform better when the 

training data is normalized, we normalized the training and testing splits before each training 

phase. We used a standard scaler that shifts the training data to a mean of 0 and a standard 

deviation of 1. Once fitted on the training data, the scaler normalizes the test data using the same 

parameters. 

 

We used accuracy, precision, recall and F1 scores to measure model performance. These metrics 

are derived from the values in the confusion matrix, as illustrated in Figure 3, providing a 

comprehensive understanding of the model's performance. 

 

Figure 3: Confusion matrix 

 Actual 

Prediction Negative Positive 

Negative TRUE NEGATIVE (TN) FALSE NEGATIVE (FN) 

Positive FALSE POSITIVE (FP) TRUE POSITIVE (TP) 

 

 

Accuracy measures the proportion of correctly classified instances out of all instances in the 

dataset, while precision measures the proportion of true positive predictions out of all instances 

predicted as positive. Recall measures the proportion of true positive predictions out of all 

instances that are actually positive. F1 score is a metric that combines precision and recall, which 

provides a balance between the two metrics. Those four parameters are calculated as below: 

 

(7) Accuracy = (Number of TN + TP)/(Number of TN + TP + FN + FP) 

 

(8) Precision = (Number of TP)/(Number of TP + FP) 

 

(9) Recall = (Number of TP)/(Number of TP + FN) 

 

(10) F1 Score = 2 * (Precision * Recall)/(Precision + Recall) 
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7. RESULTS  

7.1 Model Results 

In this section, we present and evaluate the results obtained after training the model. At the 

standard prediction threshold of 0.5 our logistic regression model achieved very good 

performance, Table 3 shows the following indicators:  accuracy of 0.82, precision of 0.8462, recall 

of 0.7872, and F1 score of 0.8144. These scores indicate that the data was easily separable, and 

the model was highly effective at predicting PPPs. 

 

Table 3: Model performance (5-fold evaluation) 

 
Metric 

Value 

Accuracy 0.82 (± 0.02) 

Precision 0.8462 (±0.0410) 

Recall 0.7872 (±0.0357) 

F1 Score 0.8144 (±0.0230) 

 

We then further investigated the precision and recall curves, as illustrated in Figure 4, to 

comprehend their relationship with the prediction threshold. Our analysis revealed a noteworthy 

balance between precision and recall over a threshold range from 0 to 1. The F1 score, a 

harmonic mean of precision and recall, exhibits an optimal value within the threshold interval of 

0.2 to 0.6, peaking around 0.4. This precision-recall plot proves instrumental in determining the 

appropriate threshold for new data point predictions, thereby enhancing the predictive capacity of 

our model. 

 

In order to further validate our proposed model, we conducted a comparative analysis with the 

models proposed by Lissoni et al. (2013) and Magerman et al. (2015). The comparative analysis 

was performed by applying their original parameters to our data set. However, both models 

yielded almost no positive matches. We hypothesize that this discrepancy may be attributed to 

several factors including the complexity of our dataset, which make the original authors' 

thresholds too strict, and the differences in methodology that we could not account for. In order 

to achieve a comparable positive prediction rate with the aforementioned models, we adjusted 

the thresholds. Specifically, the percentile in the Lissoni et al’s model was set to 40%, and the 

minimum and maximum thresholds in the Magerman et al’s model were set to 0.11 and 0.04 

respectively, resulting in a positive prediction rate of approximately 47% in both cases.  
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Figure 4: Precision - Recall Curve 

 

 
 

 

 

Under these improved conditions, our model still outperformed the models proposed by Lissoni 

et al. (2013) and Magerman et al. (2015) in key performance metrics, as shown in Table 4. With 

a precision of 0.7857, our model is more accurate in its positive predictions compared to the other 

models (0.6811 and 0.7000 respectively). Our model also demonstrates superior recall (0.7971), 

indicating its effectiveness in identifying positive instances, in contrast to the 0.6811 and 0.7101 

recall rates of the Lissoni et al. (2013) and Magerman et al. (2015) models. Lastly, our model 

yields a higher F1 score (0.7913), signifying a better balance between precision and recall, and 

thus a more robust overall performance. The superior performance of our model can be attributed 

to the incorporation of a larger number of features and the model's inherent ability to determine 

the importance of each feature. 

 

Table 4: Comparative results 

 

Methodology / 
Metric 

Prediction 
Rate 

Precision Recall F1 Score 

Lissoni et al. (2013) 0.4726 0.6811 0.6811 0.6811 

Magerman et al. 
(2015)  

0.4794 0.7000 0.7101 0.7050 

Van-Thien & Carraz 
(2023) 

0.4794 0.7857 0.7971 0.7913 
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We also examined the model coefficients of one of the models in the cross-validation to identify 

which features were most important for predicting patent-paper pairs, results are presented in 

Table 3. The intercept for the model was 0.18. Our analysis revealed that citation_overlap_score 

and word_overlap_score were the most important features for prediction, as they had high and 

significant coefficients. The coefficients for citation_overlap_score (β2 = 1.13***) and 

word_overlap_score (β4 = 1.05***) are both statistically significant at the p < 0.01 level, which 

suggests that they are important predictors of our matching process. The other coefficients are 

not significant for our current model. While we hypothesize that the reason might be due to our 

data collection approach, where inventor overlap and semantic similarity are strongly present in 

both positive and negative matches. 

 

Table 5: Model’s coefficient and p-value 

 Coefficient p-value 

Intercept 0.18 0.240916 

Inventor score 0.39** 0.035047 

Citation overlap score 1.13*** 0.000000 

Semantic similarity score 0.10 0.510181 

Word overlap score 1.05*** 0.000000 

Note: Significance levels: *p<0.1, **p<0.05, ***p<0.01 

 

Because of absent data points, we were only able to analyze 12,627 matches out of 17,286 

potential matches. Based on the predictions generated by the model at the standard prediction 

threshold of 0.5, we identified 3,177 True matches and 9,450 False matches from 12,627 matches 

considered. The observed rate of PPP generation was found to be relatively high, reflecting the 

effectiveness of the approach used. Figure 4 provides a comparison between our true and false 

matches. For instance, the distribution of citation_overlap_score and word_overlap_score are 

noticeably different between the two sets of data, false matches are mostly aggregated around 0, 

while true matches are more widely spread. 
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Figure 4: Score comparison between True PPPs and False PPPs 

 
 

7.2. Descriptive Statistics of the true PPPs 

To provide further insights into the characteristics of the identified PPPs, we conducted a 

descriptive analysis of the statistics associated with the pairs. The results of the analysis are 

presented in Table 5, which includes various measures such as mean, standard deviation, and 

range of the score we used for the matching process. Table A2 presents information on the 

quantity of patents and papers per year between 2002 and 2016.  

 

Table 5: Summary statistics of the Patent-Paper Pairs 

 Inventor 
score 

Citation 
score 

Semantic 
Similarity 
score 

Word 
overlap 
score 

Time 
difference 
(days) 

Count 3177 3177 3177 3177 3177 

Mean 0.68 0.35 0.80 0.26 309.26 

Median 0.67 0.31 0.81 0.25 280.00 

Std. dev. 0.27 0.30 0.08 0.12 199.61 

Min 0.08 0.00 0.35 0.00 0.00 

Max 1.00 1.00 0.96 0.73 729.00 

 

In terms of affiliations, the proportion of applicants is depicted in Figure A1: AIST constitutes 

18.5% of the pairs, followed by Tokyo universities at 11.1%, Tohoku University at 10.3%, and 

RIKEN at 9.8%. These results show a resemblance in the ranking as compared to the Top 14 

Universities (refer to Table A1), with the addition of three national research laboratories. 

 

Previous studies have largely focused on biotechnology, but our research differs by concentrating 

on a selection of research-intensive institutions in Japan. Figure 5 visually illustrates how 
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combinations of concepts and International Patent Classification (IPC) occur. We looked at the 

concept associated with each paper as listed by OpenAlex, each paper had multiple concepts 

(min= 1 and max=32) and for each patent we looked at the IPC related to the works (min=1 and 

max=8), it enabled us to create a list of matching concepts and IPC 3-digit. The results show that 

certain combinations are more common than others, such as "Materials science" linked to "H01: 

Basic Electric Elements" 723 times, "Biology" linked to "C12: Biochemistry; Beer; Spirits; Wine; 

Vinegar; Microbiology; Enzymology; Mutation Or Genetic Engineering" 551 times, and "Physics" 

linked to "H01: Basic Electric Elements" 513 times. The top three most commonly used concepts 

are Chemistry, Materials Science, Physics (3,705 times), and IPC 3-digit codes are H01: Basic 

Electric Elements, C07: Organic Chemistry, C12: Biochemistry; Beer; Spirits; Wine; Vinegar; 

Microbiology; Enzymology; Mutation Or Genetic Engineering (2,074 times). This implies that 

pairings are not only present in biotechnology, but span a broader range of fields warranting 

further investigation. 

 

 

Figure 5: Representation of IPC (patents)  and Concept (papers) Combinations 

 
 

 

8. CONCLUSION  

 

In this study, we have developed a novel approach for the identification of patent-paper pairs 

(PPPs), specifically within the context of leading research-intensive universities and laboratories 

in Japan. A prediction model was constructed using a logistic regression algorithm, a choice that, 

while simple, allowed for a high degree of flexibility and interpretability. The strength of our model 

lies in its ability to effectively discern and prioritize important features, thus enabling a more 

accurate matching of patents with corresponding academic papers. By utilizing the model, we 

constructed a sample of 3,177 (PPPs) spanning from 1998 to 2018 in several scientific domains 

such as Materials Science, Physics, Chemistry using a logistic regression model. To achieve this, 

we utilized a new dataset that includes patent-to-article citations (Marx and Fuegi, 2020, 2022), 

as well as the OpenAlex database, which was created in 2022. 

 



23 

While our methodology represents a significant improvement over existing approaches, several 

avenues for improving our methodology and the relevance of our results remain. First, we plan to 

collect more data in order to be able to fully rely on data points validated by experts. This will allow 

us in the short term to increase the validity of our results and in the long term to train a fully 

automated matching process based on using patent ID and publication DOI. Second, in the mid-

term, we aim to expand the scope of our analysis to include all 1040 higher education institutions 

and 27 national research institutions in Japan. Third, we focused on the first author and last author 

in papers for the matching process to limit computational complexity, but we need to explore 

alternative solutions. Fourth, our results suggest that semantic analysis of abstracts may not 

provide significant information for our matching process, and we need to investigate this further. 

Fifth, we believe that spending more time analyzing the academic and technical discipline of the 

patent-paper pairs would provide a richer understanding of the landscape of the pairs. Finally, the 

same methodology could be applied to examine other national contexts, opening new avenues 

for international comparisons.  

 

Moving forward, there are several opportunities for research that could build on the findings 

presented in this methodological paper. For example, future studies could compare the citation 

patterns of paired patent and publication to those of non-paired patent and publication from 

Japanese research institutions. Another potential area for research could be to examine the effect 

of patents on follow-on research developments, as the change in the citation rate of a paper after 

a patent is granted would indicate an impact on the diffusion of public knowledge, in other words 

examining the presence or not of an anti-commons phenomenon. Besides, as most of the studies 

have so far focused on life science, it would be worthwhile to explore other fields falling within 

"Pasteur's quadrant." Finally, we could evaluate novelty and disruptiveness measures for our 

PPPs using the Novelpy package (Pelletier and Wirtz, 2022), which incorporates novelty 

measures from Uzzi et al. (2013) and Shibayama et al. (2021), as well as disruptiveness 

measures from Wu et al. (2019), and using the methodology developed by Park et al. (2023). In 

conclusion, the study's proposed robust methodology demonstrates broad applicability across 

various topics, with PPPs potentially serving as valuable tools for exploring scientific production 

and innovation. 
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ANNEX 

 

Table A1: Foreign Active Patents: Top 14 Universities in Japan 

University Type Rank Foreign Active Patents Percentage of total 

University of Tokyo National University 1 2,349 12.31% 

Kyoto University National University 2 1,651 8.65% 

Tohoku University National University 3 1,545 8.09% 

Osaka University National University 4 1,404 7.36% 

Tokyo Institute of 

Technology 
National University 5 680 3.56% 

Kyushu University National University 6 629 3.30% 

Hokkaido University National University 7 476 2.49% 

Nagoya University National University 8 419 2.20% 

University of Tsukuba National University 9 371 1.94% 

Keio University Private University 10 331 1.73% 

Waseda University Private University 12 273 1.37% 

Tokyo Medical and 

Dental University 

National Medical 

University 
17 218 1.06% 

Sapporo Medical 

University 

National Medical 

University 
23 182 0.91% 

Doshisha University Private University 40 108 0.54% 

Top 14 universities   10,636 55.72% 

All Universities   19,088 100% 

Source: https://www.mext.go.jp/a_menu/shinkou/sangaku/1413730_00013.htm | Access 23.02.2022 

 

 

 

 

Table A2: Number of Patents and Number of Papers in PPPs by year 

Year Num. Patents Num. Papers Year Num. Patents Num. Papers 

1997 0 1 2009 215 218 

1998 18 6 2010 256 227 

1999 25 17 2011 213 245 

2000 32 35 2012 225 2a35 

2001 74 41 2013 253 225 

2002 105 83 2014 202 223 

2003 113 105 2015 224 214 

https://www.mext.go.jp/a_menu/shinkou/sangaku/1413730_00013.htm
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2004 152 125 2016 192 213 

2005 131 149 2017 83 145 

2006 229 190 2018 17 55 

2007 216 195 2019 0 18 

2008 202 212    

 

 

 

 

Table A3: Top Concept - IPC Section combination for True PPPs 

Concept IPC Section Count 

Materials science H01: Basic Electric Elements 723 

Biology C12: Biochemistry; Beer; Spirits; Wine; Vinegar; 
Microbiology; Enzymology; Mutation Or Genetic Engineering 

551 

Physics H01: Basic Electric Elements 513 

Chemistry C07: Organic Chemistry 472 

Chemistry H01: Basic Electric Elements 456 

Biology C07: Organic Chemistry 344 

Engineering H01: Basic Electric Elements 299 

Biology A61: Medical Or Veterinary Science; Hygiene 298 

Physics G01: Measuring; Testing 279 

Materials science G01: Measuring; Testing 265 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A1: Institutions Representation in PPPs 
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