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Abstract 
In this thesis determinants of the use of scientific knowledge by engineers/inventors are studied with 

the use of a non-patent literature citation analysis. These determinants are derived from academic 

literature that can be classified as the study of the „science-technology interaction‟. One central theme 

in the study of the science-technology interaction is the linear model of innovation. The linear model 

of innovation states that innovation starts with basic research (performed at universities and public 

research institutions), basic research is followed by applied research and development (done by 

industry), and ends with the production of an innovation and the diffusion of this innovation among 

users (Godin, 2006). The idea that scientific research is important, if not necessary, for technological 

development goes back to Joseph Henry in 1832, but the idea that theoretical (scientific) knowledge 

has priority over practical (technological) knowledge is even older and can be traced back to the 

Ancient Greeks (Moxley, 1989). However, the linear model of innovation has been heavily criticized 

by several authors (Kroes, 1995; Boon, 2006). According to them, not all technologies incorporate 

scientific knowledge, and they demonstrate that technology can even influence scientific research 

such as in the case of the steam engine (Kroes, 1995; Boon, 2006). In a recent essay by Balconi et al. 

(2010) it was argued that while the linear model of innovation might not give an actual description of 

all technological innovation, a weaker form might. According to these authors, some technologies 

could not have developed without scientific knowledge.  

Hypotheses 

5 hypotheses are tested with the use of patent data. All hypotheses try to clarify the science-

technology interaction by testing existing hypotheses with a different methodology (hypothesis 1,3, 4 

and 5) or testing them for a more recent time period (hypothesis 2). Survey-based research has 

determined that there are differences between industries and the importance of scientific knowledge 

for technological development as judged by R&D managers (Rosenberg & Nelson, 1993; Klevorick et 

al., 1995; Arundel et al., 1995; Cohen et al., 2002; Mansfield, 1991). Hypothesis 1 states that there are 

inter-industry differences in the use of scientific knowledge. According to Kwa (2011) scientific 

styles that produce useful knowledge for engineers have in recent years become dominant over less 

useful scientific styles. More evidence for an increased use of scientific knowledge by engineers 

comes from the patent analysis by Narin et al. (1997) Hypothesis 2 states that the use of scientific 

knowledge in innovations has increased. According to Mohnen and Hoareau (2003), Laurser and 

Salter (2004) and Cohen et al. (2002) firms with a high R&D intensity consider scientific knowledge 

to be of higher importance for technological development than their low R&D intensity counterparts. 

Hypothesis 3 thus states that firms with a high R&D intensity incorporate more scientific knowledge 

in their technologies. The survey based study by Mohnen and Hoareau (2003) found an increased 

importance of knowledge generated from scientific research and a firm being a radical innovator. 

Hypothesis 4 states that radical innovations use more scientific knowledge than incremental 

innovations. Mixed evidence has been found on the relationship between start-up firms and the use of 

scientific knowledge by these firms (Cohen et al., 2002; Laurser & Salter, 2004). Nevertheless, 

hypothesis 5 states that start-ups incorporate more scientific knowledge in their innovations. 

Methodology 

The 5 hypotheses are tested with the use of patent data retrieved from the PATSTAT 2015 autumn 

version database. In order to test the hypotheses, a number of indicators and approximations have to 

be derived from the patent data. As an indicator of the use of scientific knowledge in a patented 

technology, a count of non-patent literature citations is used (Calleart et al., 2006). This indicator will 
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serve as the dependent variable in the statistical analyses. For hypothesis 1, IPC codes are used to 

discriminate between 6 industries, 3 industries are considered to be high science-intensity industries 

the other three are not. For hypothesis 2, patent data from 6 industries in the year 2000 and 2010 are 

collected to compare the use of scientific knowledge between these two time periods. For hypothesis 

3, the R&D intensity of a firm is approximated by dividing the total amount of patents filed per firm 

by the age of the firm. The age of the firm is approximated by calculating the difference between the 

year the firm filed its first patent and the year 2015. For hypothesis 4 the radicalness of a patented 

technology is inferred by its value. In turn, the value of a patent is determined by counting the amount 

forward citations a patent has received (Trajtenberg, 1990; Gambardella et al., 2008). To test 

hypothesis 5, in indicator is constructed that uses the approximation of the age of the firm to 

determine if a firm is 5 years old or younger. Hypothesis 1 and 2 are tested with the use of an analysis 

of variance (ANOVA). For hypothesis 1, 4 ANOVAs and accompanied Bonferroni comparisons are 

performed: two for patents filed in 2000 and two for patents filed in 2010 to test the differences 

between the mean citation of non-patent literature per industry (1 including and 1 excluding patents 

that cited 0 non-patent literature for both patents filed in 2000 and 2010). To test hypothesis 2, two 

ANOVAs and accompanied Bonferroni comparisons are performed, one with and one without patents 

that cite 0 non-patent literature, to test if the mean non-patent literature citation has increased over 

time (per industry). Hypothesis 3, 4 and 5 are tested with the use of a multiple regression analysis. To 

control for citation lag effects, separate regression analyses are performed on patents filed in 2000 and 

patents filed in 2010. With these multiple regression analyses it is tested if firms with a high R&D 

intensity, firms that are start-ups and patents that are radical innovations have a statistically significant 

correlation in the predicted direction. 

Results 

Hypothesis 1 is partly accepted. Differences between most industries were found. The industries 

where patents cite, on average, the most academic literature are the biotechnology industry and the 

pharmaceutical industry. Two industries showed unexpected results. In the literature, the 

semiconductor industry is one industry that is often classified as an industry where science is 

perceived to be important for technological development. However, in some statistical analyses this 

industry was outperformed by industries that are traditionally not classified as industries where 

science is perceived to be important. In contrast, the basic materials chemistry industries cited on 

average, in some of the statistical analyses, more or an indistinguishable amount of non-patent 

literature than patents filed in the pharmaceutical industry. Hypothesis 2 is rejected, for every industry 

included in the study a decrease in non-patent literature citations is observed. Not only did the mean 

non-patent literature citation drop, the share of patents that cite 0 non-patent literature increase (for 

every industry). However, even when excluding patents that cite 0 non-patent literature from the 

analysis a decrease in mean non-patent literature citation between patents filed in 2000 and 2010 is 

observed for every industry included in this study. Hypothesis 3 is rejected, in the regression model 

for patents filed in 2000 a negative statistically significant correlation coefficient is observed while in 

the regression model for patents filed in 2010 a positive statistically significant correlation coefficient 

is observed. However, the correlation coefficient of the variable that approximated the R&D intensity 

of a firm was so small that its impact and magnitude can be neglected. Hypothesis 4 is accepted. In 

both the regression model for patents filed in 2000 and for patents filed in 2010 a positive statistically 

significant correlation coefficient is observed for the variable that indicated the radicalness of an 

innovation. In both regression models, the impact and magnitude of the radicalness indicator variable 

is large enough to accept hypothesis 4. Instead of finding evidence of an increased use of scientific 
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knowledge by start-ups, a negative statistically significant correlation coefficient is observed for the 

variables related to this hypothesis. This leads to the rejection of hypothesis 5. 

Limitations and implications for further research  

This study has several important limitations. The results are difficult to generalize: only patents filed 

at the US Patent Office in 6 industries for the years 2000 and 2010 were included in the analysis. 

Further research can increase the generalizability of this study by incorporating more industries and 

time periods. The approximations of the variables are not ideal. The variables that measured the use of 

scientific knowledge in a technology, the R&D intensity of the firm that filed the patent, the value of a 

patent and the age of the firm that filed the patent are approximated with patent data and might not be 

in line with the actual R&D intensity, etc. Further research could incorporate more refined indicators 

by either linking patent data to other data sources or constructing more robust indicators through 

approximation of patent data. Three limitations are inherent to patent (citation) analyses: Patents do 

not reveal the motivation of the assignee to file for a patent, patents do not cover all innovations and 

the impact of a cited work is difficult to determine.  

Policy recommendations  

Since hypothesis 4 is accepted, there is evidence for an increased use of scientific knowledge in 

radical innovations (or at least more valuable innovations). If policy makers wish to increase the 

amount of radical innovations produced by firms, the evidence seems to hint that increased funding 

for scientific disciplines that produce useful results for technological development is needed in order 

to increase the knowledge base that engineers can source from. However, not all scientific disciplines 

are considered to be important by industry (according to R&D managers). According to Rosenberg 

and Nelson (1993), Klevorick et al. (1995) and Arundel et al. (1995) computer science, material 

science, mechanical, chemical and electrical engineering are considered to be of higher importance 

than other scientific disciplines. It should also be noted that there are 5 more ways that public research 

can lead to economic benefits next to increasing the stock of knowledge, namely: training skilled 

graduates, creating new scientific instrumentation and methodologies, forming networks, increasing 

the capacity for scientific and technological problem-solving, and creating new firms. (Salter & 

Martin, 2004) 

Conclusion 

Overall, the results of the non-patent literature citation analysis are in line with the weak form of the 

linear model of innovation: 37.72% of all patents included in this study did not cite any non-patent 

literature. Many hypotheses derived from survey based methodologies could not be replicated with 

the use of patent data. While survey based methodologies draw conclusions from self-reported data, 

patent data is neither without its limitations. However, further research might reduce the limitations of 

patent data by linking patent data to other data sources or by introducing more robust approximations. 
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1. Introduction  
In this thesis 5 hypotheses related to possible determinants of the use of scientific knowledge by 

engineers/inventors are studied using a non-patent literature citation analysis. These hypotheses are 

based on the body of literature pertaining to the study of the science-technology interaction. The study 

of the science-technology interaction has long tradition. As early as the beginning of the 20
th
 century 

scholars argued for a relationship between science and technology. Godin (2006) studied the historical 

development of the “linear model of innovation”. The linear model of innovation is as follows: 

innovation starts with basic research, basic research is followed by applied research and development, 

and ends with the production of an innovation and the diffusion of this innovation among users 

(Godin, 2006). The linear model of innovation has been very influential and since it seems to imply 

that scientific knowledge is necessary for technological innovation to take place, it has been used as a 

tool to lobby for research funds and as a justification for government support for science (Nelson, 

1959). According to Godin, one of the first to give an account of the relationship between science and 

technology was Vannevar Bush just after the Second World War (Godin, 2006). However, Moxley 

(1989) stated that the hierarchical view (almost identical to the linear model of innovation) of the 

relationship between science and technology is much older. According to this author, already in 1832 

Joseph Henry endorsed the view that science produces new knowledge that is later on applied in 

technology. Moxley admits that while Bush is the most important contemporary advocate of this 

view, the idea that scientific theoretical knowledge has priority over technological practical 

knowledge goes back the ancient Greeks. In 1945, Bush published an advisory report to the US 

government named Science: The endless frontier. In this report Bush argued in favor of what later 

would develop into the linear model of innovation (Godin, 2006). In his view, basic science is 

performed at universities while industrial research is the technological application of the basic 

research and is done by industry. According to Bush (1945) “The simplest and most effective way in 

which the Government can strengthen industrial research is to support basic research and to develop 

scientific talent.” (p.21). Throughout his report he gave numerous examples where basic (scientific) 

research stimulated technological development such as in medicine (the development of penicillin), 

military technologies (the development of radar technology), and agriculture (increasing the resistance 

of plants against diseases) (Bush, 1945). 

Many authors have argued against the linear model of innovation.  Most criticisms of the linear model 

of innovation relate to its linearity i.e. that scientific knowledge is the sole knowledge source of 

technological development. Both Kroes (1995) and Boon (2006) referred to the case of the steam 

engine to argue that the linear model is flawed. The first scientific inquiry into the efficiency of steam 

engines came a decade after the first steam engine was developed and thus demonstrates that 

technology can precede science (Kroes, 1995). However, in recent years some authors have argued in 

a favor of a “weak form” of the linear model of innovation. The weak form of the linear model of 

innovation proposed by Balconi et al. (2010) stated that it is not necessarily the case that all 

innovation follows the linear pattern or that there aren‟t any „upstream‟ interactions between the 

elements such as in the case of the steam engine, but that some technologies could not have been 

developed without knowledge generated from basic research (Balconi et al., 2010). According to 

Balconi et al. (2010) the criticisms on the strong form of the linear model of innovation attack a straw 

man argument. Even Bush‟s, from whom the linear model supposedly stems, version of the 

relationship between science and technology is not as strong as Kroes and Boon believe it to be. Bush 

(1945) himself admitted in Science: The endless frontier that scientific knowledge is not the sole 

source of technological development by saying that “The benefits of basic research do not reach all 

industries equally or at the same speed. Some small enterprises never receive any of the 

benefits.”(p.21). With this statement Bush implied that if not all enterprises receive the benefits of 
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basic research there must be other knowledge sources or knowledge generating activities engineers in 

these enterprises apply. (It should be noted that the study of other knowledge sources and knowledge 

generating activities is beyond the scope of this thesis. For research on knowledge sources and 

knowledge generating activities that engineers use see Vincenti (1990) and Cohen et al. (2002)) 

The outline of this thesis is as follows: First, the 5 hypotheses that are tested in this study are 

presented. These hypotheses are tested with the use of patent data retrieved from the autumn 2015 

version of the PATSTAT database. However, when working with patent data a number of proxies 

have to be introduced to measure the use of scientific knowledge, the R&D intensity of the firm, the 

radicalness of the invention and the age of the firm. How these proxies are constructed, the 

justification of the use of these proxies and how they were retrieved from the PATSTAT database is 

explained in the chapter „methodology‟. In the chapter „data analysis‟, it is explained how the 

hypotheses are tested. Here a number of different statistical analyses are performed on the dataset. 

Hypothesis 1 and 2 are tested with the use of analysis of variance (ANOVA) to determine if there are 

differences between the use of scientific knowledge between industries and within industries over 

time. Hypothesis 3, 4 & 5 are tested with the use of a multiple regression model to see how strong the 

R&D intensity of the firm, the radicalness of the invention and a firm being a start-up or not correlates 

with the use of scientific knowledge. Next, in the chapter „discussion‟, the results of the data analysis 

are critically examined and contrasted with the existing body of literature on the science-technology 

interaction. From this critical examination insights for future research are generated. The final chapter 

of this thesis is the conclusion. Here, the main findings of this study are presented next to the 

limitations and policy recommendations that are implied by the results of this study.  

 

1.1. Hypotheses 

1.1.1. Hypothesis 1: Inter-industry differences in the use of scientific knowledge 

Many empirical studies are in line with the weak form of the linear model of innovation as proposed 

by Balconi et al. (2010). In the weak form of the linear model, not all technologies incorporate 

scientific knowledge to the same extent. Mansfield (1991) surveyed 73 companies in 7 industries with 

the aim of finding out to what extent technological innovations are based on academic research. 

Mansfield‟s findings were that with a mean across all companies surveyed 11% of products and 9% of 

new processes could not have been developed without recent academic research. The drug industry 

stood out with 27% products and 29% processes that could not have been developed without recent 

academic research. Next to Mansfield, multiple other studies have examined the inter-industry 

differences with respect to the importance of scientific knowledge in R&D processes. These studies, 

performed by Rosenberg and Nelson (1993), Klevorick et al. (1995), Arundel et al. (1995) and Cohen 

et al. (2002) found, just like Mansfield (1991), that there are differences between industries and the 

importance of scientific knowledge for technological development within these industries (according 

to R&D managers working in these industries). Hypothesis 1 of this study therefore states that there 

are differences between industries with respect to the use of scientific knowledge. 

1.1.2. Hypothesis 2: Increased use of scientific knowledge over time 

Kwa (2011) argued that there are different styles of scientific inquiry and that the results produced by 

some scientific styles may be more beneficial for technological development than others. On the one 

hand there are „low‟ styles that are more data oriented. On the other hand there are „high‟ theory based 

styles. Each scientific style has its own criteria for what qualifies as truth and what qualifies as falsity. 

Kwa stated that there is only one technological style, namely: design. According to this author the 
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„low‟ data oriented styles of science are more beneficial for technological development than the „high‟ 

theory styles of science because they are closer to the technological style in methodology (for 

example: experimentation) and results. The insights of Kwa on the distinction between beneficial and 

less beneficial scientific styles for technological development seems to be in line with the empirical 

work by Rosenberg and Nelson (1993), Klevorick et al. (1995) and Arundel et al. (1995). In these 

three studies it was shown that across all industries studied only a few scientific disciplines are 

considered to be of high importance by R&D managers working in these industries, namely computer 

science, material science (including metallurgy), and the engineering disciplines (electrical, chemical 

and mechanical engineering). Kwa (2011) also stated that, in recent years, the „low‟ data oriented 

styles of science have become dominant over the „high‟ theory styles of science. This would imply 

that the amount of scientific knowledge useful for technological development has increased. Using a 

patent analysis Narin et al. in 1997 have demonstrated that the use of scientific knowledge has 

increased between 1987 and 1993 for the US manufacturing sector. Narin et al. found that citation of 

scientific research publications by US manufacturing patents increased from 17.000 in 1987 to 50.000 

in 1993. This increase cannot be explained solely by the growth of the US patent system. The US 

patent system grew in the period from 1987 to 1993 by 30% while the amount of citations from 

scientific research publications increased by 200%. The observation by Kwa (2011) on the rise of 

more „low‟ data oriented scientific styles are consistent with the empirical findings of Narin et al. 

(1997) because if the amount of useful scientific knowledge for engineers increases, an increase in the 

use of scientific knowledge by engineers is not unlikely. If Kwa‟s insights on the rise of „low‟ data 

oriented styles of science are correct, an increase in the use of this scientific knowledge might also be 

the case also for a more recent time period. It should be mentioned that an increase all industries 

should be observed since, according to Kwa, there is only one technological style applied throughout 

all industries namely: design (Kwa, 2011). Hypothesis 2 thus states that the use of scientific 

knowledge has increased over time across all industries.  

1.1.3. Hypothesis 3: Increased use of scientific knowledge by firms with a high R&D 

intensity 

Multiple studies have demonstrated that there is a positive relation between a firm‟s R&D intensity 

and the use of scientific knowledge.  Mohnen and Hoareau (2003) have looked at the factors that 

allow firms to benefit from public research, where public research is equated with knowledge 

generated at universities or government labs. The main finding of these authors is that R&D intensive 

firms are more likely to source knowledge from public research. Laurser and Salter (2004) and Cohen 

et al. (2002) confirmed that firms with a high level of R&D are more likely to use university research 

as a source of information and further found evidence that the capabilities of firms to use university 

research increase with firm size. However, these three studies are all survey based and drew their 

conclusion from self-reported data. If their observations are correct, similar findings should arise from 

a patent citation analysis. Hypothesis 3 is therefore that firms with a high R&D intensity are more 

likely to use scientific knowledge than their low R&D intensity counterparts. 

1.1.4. Hypothesis 4: Increased use of scientific knowledge in the development of 

radical innovations 

According to Trajtenberg (1990) and Gambardella et al. (2008) the value of a patent can be measured 

by counting the number of “forward citations” a patent receives. A forward citation is defined as: 

patent Y is a forward citation of patent X if patent X is cited by patent Y. The more forward citations 

a patent has received, the more valuable it is. Based on the value of a patent the radicalness of the 

patented technology might be inferred just by how the two concepts of value and radicalness are 

defined. In this study the definition of radical and incremental innovations is adopted from 
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Schumpeter (1942). According to Schumpeter radical innovations are innovations that create 

significant disruptive changes such as changes in existing markets and the creation of new markets 

(the process where existing technologies are replaced by radical innovation is called by Schumpeter 

„creative destruction‟). Schumpeter further argued that incremental innovation takes place by 

improving existing products and usually takes place in small steps compared to a radical innovation. 

For example, the introduction of the smartphone can be considered to be a radical innovation because 

of the disruptive changes it has had in the telecommunication market by replacing the traditional 

mobile phones. By contrast, a small improvement in the battery life of a smart phone can be 

considered to be an incremental innovation of the existing technology. Mohnen and Hoareau (2003) 

have examined the relationship between the radicalness of an innovation and the use of scientific 

knowledge with data from the CIS2 survey and found that radical innovators consider knowledge 

generated from scientific research to be a relevant knowledge source. Hypothesis 4 states that radical 

innovations are more likely to incorporate scientific knowledge than incremental innovations.  

1.1.5. Hypothesis 5: Increased use of scientific knowledge by start-ups 

Hypothesis 5 states that start-ups are more likely to incorporate scientific knowledge in their 

technologies compared to non-start-up firms. There are conflicting findings on the use of academic 

research by start-ups. Cohen et al. (2002) found that start-ups are more likely to use academic 

research in their innovation process. However, Laurser and Salter (2004) did not find evidence for this 

claim, according to them, due low the number of start-ups included in their sample. Because there is 

conflicting evidence on the relationship between start-ups and the use of scientific knowledge it 

would be interesting to see if the results of a patent citation analysis can clear up the mixed results 

from the survey based methods used by Cohen et al. (2002) and Laurser and Salter (2004).  

Hypothesis 5 is therefore included in the study. 

2. Methodology  
In this section the methodology of this study is explained. First, a justification of the use of non-patent 

literature as an indicator of the use of scientific knowledge is given. Secondly, it is explained how the 

measurements used to test the 5 hypotheses are constructed with the use of patent data. Third and 

lastly, it is illustrated how the data was retrieved from the PATSTAT 2015 autumn version.  

2.1. Non-patent literature 
In this study a patent citation analysis is used to test 5 hypotheses related to the use of scientific 

knowledge in technological development. Patents are legal documents that, when granted, gives the 

owner the right to exclude others from producing and selling the patented technology for a limited 

amount of time in exchange for disclosure of the invention. (WIPO, 2004) In order for a patent to be 

granted by the US Patent Office (USPTO), the assignee has to demonstrate that the technology meets 

5 conditions.  The first, and most obvious, condition is that it should be a patentable subject matter. 

The second condition is the industrial application. Here, the assignee has to demonstrate how the 

technology can be applied in an industrial setting. The third condition is to demonstrate the novelty of 

the technology. The fourth condition is the inventive step. To meet the fourth condition the assignee 

has to show how the technology is in a non-obvious way different from existing technologies.  The 

fifth and final condition is the disclosure of innovation. In order to demonstrate the novelty and the 

inventive step of the technology the assignee has to state all the so called „prior art‟. (USPTO, 2015) 

This prior art contains all the information that is publicly available and relevant to the claim of 

originality of the technology in question. The prior art of a patent broadly consists of two categories. 

The first category of a patent‟s prior art consists of citations to other patents. The second category 
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contains references to so called non-patent literature. Calleart et al. (2006) have determined that non-

patent literature can have 9 sources: scientific journals, conference proceedings, reference 

books/databases, industry related documents, books, patent related documents, research/ technical 

reports, newspapers and unclear/other. They have examined 10.000 patents and found that for patents 

filed at the USPTO 55% of all non-patent literature citations were to scientific journals. Of the 45% of 

non-journal references 17% was to conference proceedings, 25% to industry related documents, 15% 

to books, 10% to reference books/databases, 15% to patent related documents, 6% to 

research/technical report, 5% to newspapers and 7% to unclear/other. Table 2.1 shows the occurrence 

of each non-patent literature source percentage wise based on the findings of Calleart et al. These 

authors concluded in their paper that, because the majority of non-patent literature citations are 

journal references, non-patent literature citations are a robust and non-trivial indicator of the use of 

scientific knowledge in technological development for patent analyses with a large sample size. 

However, it is not necessarily the case that the other 45% of the non-patent literature sources are of 

non-scientific origin. It could be that a number of the non-patent literature sources from the categories 

“conference proceedings”, “reference books/databases”, “research/technical report” and “newspapers” 

are to some degree of scientific origin. According to studies by Arundel et al. (1995), Cohen et al. 

(2002) and Gilsing et al. (2011), the main communication channels through which industry receives 

scientific knowledge are academic publications.  In this study the number of non-patent literature 

citations per patent is used as an indicator for the amount of scientific knowledge used in the 

development of the patented technology.  The justification of this indicator is that most non-patent 

literature citations are academic papers and that academic papers are the main communication channel 

between the scientific and technological domain (It should be noted that some of the other non-patent 

literature citations could be of scientific origin). 

Table 2.1 Occurrence of non-patent literature sources for patents filed at the USPTO (Calleart et al. 2006) 

Non-patent literature source Percentage of occurrence 

Journal 55% 

Conference proceeding 7,65% 

Industry related documents 11,25% 

Books 6,75% 

Reference books/ databases 4,5% 

Patent related documents 6,75% 

Research/technical reports 2,7% 

Newspapers 2,25% 

Other 3,15% 

 

When trying to measure the actual use of scientific knowledge in the development of a certain 

technology with a non-patent literature citation analysis it is a necessary methodological condition 

that these non-patent literature citations are determined by the patent assignee themselves. According 

to Calleart et al. (2006) there are differences between non-patent literature citations for patents filed at 

different patenting offices. While for patents filed at the USPTO 55% of all non-patent literature 

citations were to academic journals, for patents filed at the EPO this number is 64%. The work by 

Criscuolo and Verspagen (2008) gives insights into how differences between patent offices arise. 

According to these authors, the prior art of patents filed at the USPTO is determined by the patent 

assignees themselves. By contrast, prior art of patents filed at the EPO is determined by the patent 

examiner. In the case of the EPO it could be that the citations provided by the patent examiner did not 
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play any role in the development of the technology but only resemble some scientific principles 

applied in the technology that the assignee was not aware of. Therefore, in the study described in this 

thesis only patent filed at the US Patent Office (USPTO) will be used in the patent analysis. This way 

a representation of the actual scientific knowledge, as provided by the inventor, used in the 

development of the patented technology is realized. 

2.2. Variables: Measurements and approximations 

According to multiple studies there are differences per industry on importance of science. (Mansfield, 

1991; Rosenberg & Nelson, 1993; Klevorick et al., 1995; Arundel et al., 1995; Cohen et al., 2002) 

Hypothesis 1 is therefore tested by examining the differences in the frequency of citations of 

academic literature in patents across industries. 6 industries are selected to limit the dataset. 2 are 

industries where science is perceived to be important by R&D managers, 1 is an industry that has 

almost completely merged with science according to Narin and Noma (1985), and the remaining 3 are 

industries where science is perceived to be low importance by R&D managers. (Mansfield, 1991; 

Rosenberg & Nelson, 1993; Klevorick et al., 1995; Arundel et al., 1995; Cohen et al., 2002)  The 3 

industries where a high amount of citations to academic literature is expected are: Semiconductors, 

Pharmaceuticals and Biotechnology.(Cohen et al., 2002; Narin & Noma, 1985; Klevorick et al., 1995; 

Rosenberg & Nelson, 1993) The other industries where a low amount of citations to academic 

literature is expected are: Electrical equipment, Basic materials chemistry and Oil. (Mansfield, 1991; 

Klevorick et al., 1995; Rosenberg & Nelson, 1993) Although the Oil industry is considered to be an 

industry where science was perceived to be of high importance, see Cohen et al. (2002), it is still 

included as an industry where a low amount of citation to academic literature is expected because the 

classification of the oil industry by Cohen et al. (2002) seems to be an individual finding and is not 

found in studies with a similar methodology such as those by Mansfield( 1991), Rosenberg and 

Nelson (1993),  Klevorick et al. (1995) and Arundel et al. (1995). 

According to a patent analysis by Narin et al. (1997), the use of scientific knowledge has increased 

over time for the US manufacturing sector. One might wonder if this is also the case for a more recent 

time period. The work by Kwa (2011) seems to suggest that due to a rise in „low‟ data oriented 

scientific styles the trend of increase of the use of scientific knowledge, as discovered by Narin et al 

(1997) may be observed in a more recent time period as well. Hypothesis 2 states that the citation of 

academic research in patents has increased across other more recent time periods. In order to test this 

hypothesis, patents from the previously mentioned 6 industries from the time periods 2000 and 2010 

are collected. This way, differences in the amount of non-patent literature citations across a 10 year 

time period for each industry included in the study can be calculated.  

Different studies have demonstrated that an increase in R&D intensity at the firm level is associated 

with an increase in the use of „public research‟. (Mohnen & Hoareau, 2003; Cohen et al., 2002; 

Laurser & Salter, 2003; Mansfield, 1991) It is hypothesized that patents of firms with a high R&D 

intensity are more likely to cite academic literature than firms with a low R&D intensity or firms with 

no in-house R&D activities. It is quite hard to link individual patents to firm characteristics such as 

R&D intensity since this data is not always publicly available (except for publicly traded firms). In 

order to test this hypothesis a proxy has to be introduced to measure R&D intensity with the use of 

patent data. The R&D intensity of a firm is in this study approximated by counting the amount of 

patents filed per assignee on average per year. The rationale behind this proxy is that firms with a high 

R&D intensity generate more new technologies than firms that have a lower R&D intensity and thus 

file more patents in order to protect their intellectual property (Zachariadis, 2003). 
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Hypothesis 4 states that radical innovations incorporate more scientific knowledge than incremental 

innovations. According to Trajtenberg (1990) and Gambardella et al. (2008) the value of a patent can 

be measured by counting the number of forward citations a patent receives. The more forward 

citations a patent receives the more valuable it is. In this study the assumption is made that the more 

valuable a patent is, the more radical the innovation is.  In order to test this hypothesis it will be 

calculated if there is a statistically significant correlation between the number of academic literature a 

patent cites and the number of times the patent itself is cited by other patents. However, there is one 

limitation with forward citations that is often called citation lag (Jaffe et al., 1993). When a patent is 

published, it does not have all forward citations immediately but forward citations are received when 

a patent gets cited by other patents over time. Patents filed in 2010 might not have enough time to 

receive most of their forward citations. Therefore the relationship between the radicalness of an 

innovation and the use of scientific knowledge by these innovations will be calculated separately for 

both time periods (patents filed in 2000 and 2010) to control for any citation-lag effects. 

Mixed evidence has been found for the increased use of public research by start-ups by different 

researchers. (Cohen et al., 2002; Lauser & Salter, 2004) Nonetheless, I hypothesize that patents filed 

by start-ups are more likely to cite academic literature due to the methodological constraints of the 

study that has shown that there is no relation between start-ups and the use of public research by these 

companies. Start-ups in this study are defined by firms being 5 years old or younger. However, 

patents do not easily reveal the age of a firm. Therefore a proxy needs to be introduced to get an 

indicator of the firm‟s age. In order to approximate the firm‟s age I will look at when the first patent 

was filed by the assignees within the sample (the 6 relevant industries and time periods). This proxy 

of the age of the firm will be used to calculate if there is a statistically significant correlation between 

the age of the firm that filed the patent and the amount citations to academic literature the patent has. 

According to this hypothesis it should be the case that patents filed by firms with an age of 5 years of 

younger cite more non-patent literature than patent filed by firms that are non-start-ups. 

2.3. Data collection 
The database that is used to retrieve the patent data necessary to test the 5 hypotheses is the autumn 

2015 version of the PATSTAT database published by the European Patent Office (EPO). The 

PATSTAT database is a so-called relational database and contains patent data up to 2015. Relational 

databases consist of multiple tables that can be linked to each other by corresponding columns (also 

called „keys‟) that enable the user to make elaborate searches within the database. The language used 

to retrieve data and link different tables together in the PATSTAT database is SQL. In order to 

identify patents that correspond with the 6 industries, there has to be a table in PATSTAT that allows 

for discrimination between industries. In PATSTAT this table is called tls209_appln_ipc. All patents 

filed have corresponding International Patent Classification (IPC) codes. Each IPC code stands for a 

specific technological domain. However, industries are economical concepts and not necessarily 

technological concepts. Therefore, some industries consist of combinations of technological domains 

and corresponding IPC codes. For example, the oil industry consists of two technological domains: 

C10G and C10L. The IPC code C10G comprises technologies designed for the cracking of 

hydrocarbon oils and production of liquid hydrocarbon mixtures (WIPO, 2016) IPC code C10L 

consists of the following technologies: fuels not otherwise provided for; natural gas; synthetic natural 

gas; liquefied petroleum gas; use of additives to fuels or fires and fire-lighters. (WIPO, 2016) When 

performing a patent analysis the only way to distinguish between industries is using IPC codes and 

this is a common method applied in patent analyses (Verspagen, 1997). The IPC codes that 

correspond with the 6 industries used in this study are found in table 2.2. 
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Table 1.2 IPC Codes per industry (WIPO, 2016) 

Industry IPC Code(s) 

Biotechnology C07G  C12M  C12N  C12P  C12Q C12R C12S 

Pharmaceuticals  A61K 

Semiconductors H01L 

Electrical equipment H02K H02N H02P H02B H02J H01M H01B 

H02G H01H H01R H01K H05B H01T H02H 

H02M H05C H01P 

Basic materials chemistry A01N C05 C07B C08C C09B C09C C09F C09G 

C09H C09K C10B C10C C10F C10G C10H 

C10J C10K C10L C10M C11B C11C C11D 

Oil C10G C10L 

 

Next, only patents from the years 2000 and 2010 will be included in the analysis in order to test 

hypothesis 2 that stated that the use of academic work has increased over time. In order to determine 

whether a patent is filed at the USPTO of EPO one has to take a closer examination at the patent 

publication code. If the patent publication code starts with US it is a patent filed at the USPTO, if it 

starts with EP, it is a patent filed at the EPO. In the PATSTAT database, this information is stored in 

the table patstat2015b.dbo.tls211_pat_publn in the column publn_auth. When the amount of patents 

in the database has been reduced to patents in the 6 relevant industries, in the time periods 2000 and 

2010, that were filed at the USPTO further analysis can be performed. The next step is to determine 

the amount of non-patent literature citations per patent, the amount of forward citations per patent and 

the amount of patents filed per assignee. This is realized by linking relevant tables in the PATSTAT 

database.  

Several tables within the PATSTAT database need to be linked together in order to retrieve the data 

set. First, some aggregated data needs to be compiled. In order to determine the amount of citations to 

non-patent literature sources a patent has made a query has to be designed that counts the non-patent 

literature publication ID from the table tls212_citation per application ID from the table tls201_appln. 

This is done through the table tls211_pat_publn. The table tls211_pat_publn shares the application ID 

with the table tls201_appln and the publication ID with the table tls212_citation. The statement “INTO 

N_Jelicic.dbo.npl_count” generates a new table that contains both the application id and the newly 

generated column npl_count. This table will be used later on to join the npl count with other tables. 

By joining the 3 tables, the non-patent literature publication ID can be counted per application ID as 

demonstrated in the following query: 

SELECT a.appln_id, COUNT(c.npl_publn_id) as npl_count1 

INTO N_Jelicic.dbo.npl_count 

 

FROM patstat2015b.dbo.tls201_appln as a JOIN patstat2015b.dbo.tls211_pat_publn as b ON 

a.appln_id = b.appln_id JOIN patstat2015b.dbo.tls212_citation AS c ON b.pat_publn_id = 

c.pat_publn_id  

 

GROUP BY a.appln_id 
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Next, a query has to be developed that approximates the R&D intensity per firm. In the PATSTAT 

database, data on the applicant is stored in two different columns in the table tls2016_person. First is 

the person_id and second is the doc_std_name.  The difference between the two columns is that the 

column person_id is based on raw data on the applicant‟s name while the column doc_std_name 

contains standardized applicant names. For example, the Dutch firm Philips might correspond with 

two or more person ID‟s: once as „Philips‟ and another time as „Koninklijke Philips‟ or “Koninkijke 

Philips NV‟, etc. The column doc_std_name contains standardized names and thus the firm Philips 

would exist under only one name in the doc_std_name column. Therefore, the column doc_std_name 

is used to get a better representation of the total amount of patents filed by per applicant compared to 

the results that would have been generated if the person_id would have been used.  The first query 

counts the amount of patent publications per standardized applicant by joining the table 

tls227_pers_publn and the table tls206_person through the shared column person_id and stores this 

data in a new table called patent_per_person_v2. The „where‟ clause in the SQL query makes sure 

that the query only count patent filed in the US. This is done to rule out the possibility that one firm 

gets a patent granted for the same technology in different countries and would thus be counted twice 

without the „where‟ clause. The second query joins appln_id column from table tls207_pers_appln to 

the table created in the first query.  

 

 

 

SELECT t2.doc_std_name, count(t1.pat_publn_id) as patpers_us 

INTO N_jelicic.dbo.patent_per_person_v2  

FROM patstat2015b.dbo.tls227_pers_publn as t1 JOIN patstat2015b.dbo.tls206_person as t2 ON 

t1.person_id = t2.person_id 

JOIN patstat2015b.dbo.tls211_pat_publn as t3 on t1.pat_publn_id = t3.pat_publn_id 

WHERE t3.publn_auth = 'US' 

GROUP BY t2.doc_std_name 

 

SELECT t3.appln_id, t1.doc_std_name, t1.patpers_us 

INTO N_jelicic.dbo.Intermediate_patperson_us 

FROM N_jelicic.dbo.patent_per_person_v2 as t1 JOIN patstat2015b.dbo.tls206_person as t2 on 

t2.doc_std_name = t1.doc_std_name JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON 

t2.person_id = t3.person_id 

 

 

 

In order to determine if a patent was filed by a start-up, a query has to be designed that approximates 

the firm‟s age. This is done by determining when the applicant filed its first patent. Again, the column 

doc_std_name from the table tls206_person is used for the applicant‟s name. The column 

earliest_filing_year from the table tls201_appln is used to determine in what year the application was 

filed. The following query retrieves the lowest value in the column earliest_filing_year per applicant 

i.e. when the applicant has filed his first application by joining 3 tables and saves this as a new table: 

 

SELECT z.doc_std_name, MIN(y.earliest_filing_year) AS first_appln_filing_year 

INTO N_Jelicic.dbo.First_year 

FROM patstat2015b.dbo.tls201_appln as y JOIN patstat2015b.dbo.tls207_pers_appln as x  

ON x.appln_id = y.appln_id JOIN patstat2015b.dbo.tls206_person as z ON z.person_id = 

x.person_id 

GROUP BY z.doc_std_name 
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However, the column that counts the total amount of patents filed per assignee is not yet suitable as a 

proxy for the R&D intensity of the assignee. To get a better representation of the R&D intensity the 

total amount of patents filed per assignee should be divided by the age of the firm to get the average 

amount of patents filed per year. To determine the age of the firm a query has to be designed that 

creates a new column that subtracts the value in the column first_appln_filing_year from the column 

appln_filing_year and that adds either 5 for patents filed in 2010 and 15 for patents filed in 2000. This 

final step is necessary because the total amount of patents per assignee is based on all the patents in 

the database up to 2015. However, this method can add some noise to the R&D proxy. It could be the 

case that certain companies that filed a patent in either 2000 or 2010 have gone bankrupt or stopped 

existing in another way before 2015. This could influence the denominator of the division used to 

calculate the average R&D intensity per year by increasing the number of years active for firms that 

have gone out of business before 2015. However, I assume that companies that have gone out of 

business before 2015 will be exceptions.. 

 

SELECT  DISTINCT t1.appln_id, t1.appln_filing_year, t1.npl_count, t1.citations_recieved, 

t1.industry, t1. patpers_us, t1. first_appln_filing_year, CASE 

WHEN t1.appln_filing_year = 0  

THEN 0 

ELSE t1.appln_filing_year - t2.first_appln_filing_year 

END 

"Years_active" 

INTO N_jelicic.dbo.mastertable_v2 

FROM N_jelicic.dbo.mastertable 

 

SELECT DISTINCT appln_id, appln_filing_year, npl_count, citreceived1, industry1, 

patpers_us, first_year, years_active, CASE 

WHEN appln_filing_year = 2010 THEN years_active + 5 

WHEN appln_filing_year = 2000 THEN years_active + 15 

ELSE years_active + 0 

END 

"years_active_corrected" 

INTO N_jelicic.dbo.mastertable_v3 

FROM N_jelicic.dbo.mastertable_v2 

 

Next, a query can be made that creates a new column that contains the R&D intensity per year of the 

assignee.  This column should consist of the total amount of years active divided by the total amount 

of patents filed by the assignee. Both the total amount of years active as the total amount of patents 

filed per assignee were retrieved from the PATSTAT database with queries described earlier in this 

chapter. 

SELECT DISTINCT appln_id, appln_filing_year, npl_count1, citreceived1, industry1, 

patpers_us, years_active, CASE 

WHEN years_active_corrected = '0' THEN patpers_us 

ELSE patpers_us/years_active_corrected 

END 

"rdus1" 

INTO N_jelicic.dbo.mastertable_v4 

FROM N_jelicic.dbo.mastertable_v3 
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For hypothesis 4, a proxy for the value of a patent has to be introduced. In this study the value of a 

patent is approximated by the amount of forward citations a patent has received. To determine the 

amount of forward citations 3 tables need to be joined: tls201_appln, tls211_pat_publn and 

tls212_citation. Tls201_appln and tls211_pat_publn are joined by the shared column appln_id. 

However, the tables tls211_pat_publn and tls212_citation are not joined on the shared column 

pat_publin_id but here the column pat_publn_id from tls211_pat_publn is joined on the column 

cited_pat_publn_id from tls212_citation.  This way, not the backward citations but the forward 

citations of the application are counted. Backward citations are the opposite of a forward citations and 

are defined as patent Y is a backward citation of patent X if patent Y is cited by patent X. The forward 

citations are retrieved with the query below: 

SELECT 

t1.appln_id, COUNT(distinct t3.pat_publn_id) AS citreceived1 

INTO N_Jelicic.dbo.citations_recieved 

FROM 

patstat2015b.dbo.tls201_appln AS t1 

INNER JOIN 

patstat2015b.dbo.tls211_pat_publn t2 ON t1.appln_id = t2.appln_id 

INNER JOIN 

patstat2015b.dbo.tls212_citation as t3 ON t2b.pat_publn_id = t3.cited_pat_publn_id 

Group by t1.appln_id 

 

The next step is to link the aggregate data generated with the above mentioned 4 queries to patents 

from the 6 industries filed in the time periods 2000 and 2010. The column that allows for 

discrimination between patents based on their industries is ipc_class_symbol from the table 

tls201_appln. The column ipc_class_symbol contains data on the IPC codes. The IPC codes from 

table 1.2 are used to determine which patents belong to the Biotechnology, Pharmaceutical, 

Semiconductor, Electrical equipment, Basic materials chemistry or Oil industry. The column 

appln_filing_year is used to determine if a patent is filed in either 2000 or 2010 since 

appln_filing_year contains data on in which year the patent application was filed. The following query 

shows how a table was created that contains data on the application ID, the application filing year, the 

IPC class, the R&D intensity, the year of the first application per assignee, the non-patent literature 

count per application and the amount of forward citations per application for the IPC codes A61K 

(Pharmaceuticals) and H01L (Semiconductors) for the years 2000 and 2010 are joined together: 

SELECT DISTINCT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.doc_std_name, 

t4.rdus1, t5.first_appln_filing_year, t6.npl_count, t7.citations_recieved 

INTO N_Jelicic.dbo.mastertable 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person_std as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'A61K%' AND t1.appln_filing_year = 

'2000' OR t2.ipc_class_symbol LIKE 'A61K%' AND t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINCT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.doc_std_name, 

t4.rdus1, t5.first_appln_filing_year, t6.npl_count, t7.citations_recieved 
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FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person_std as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01L%' AND t1.appln_filing_year = 

'2000' OR t2.ipc_class_symbol LIKE 'H01L%' AND t1.appln_filing_year = '2010'  

 

 

In a similar fashion are the other relevant IPC codes added to the table with the “UNION ALL” 

statement. Due to the length of the full query the rest of the query is not shown in this chapter. 

However, the full query can be found in Appendix 1. In the following query, the column 

ipc_class_symbol is used to generate a new column that assigns a number to each patent application 

per industry. Since multiple IPC codes can correspond with 1 industry such as for the electrical 

equipment industry, the IPC codes that represent 1 industry need to be grouped together. This is done 

by using the SQL CASE statement.  This query assigns the number 1 to the semiconductor industry, 2 

to the pharmaceutical industry, 3 to the biotechnology industry, 4 to the electrical equipment industry, 

5 to the basic materials chemistry industry and 6 to the oil industry. 

select appln_id, appln_filing_year, ipc_class_symbol, patpers_us, first_appln_filing_year, 

npl_count, citations_recieved, 

CASE 

WHEN ipc_class_symbol LIKE 'H01L%' THEN '1' 

WHEN ipc_class_symbol LIKE 'A61K%' then '2' 

WHEN ipc_class_symbol LIKE 'C07G%' then '3' 

WHEN ipc_class_symbol LIKE 'C12M%' then '3' 

WHEN ipc_class_symbol LIKE 'C12N%' then '3' 

WHEN ipc_class_symbol LIKE 'C12P%' then '3' 

WHEN ipc_class_symbol LIKE 'C12Q%' then '3' 

WHEN ipc_class_symbol LIKE 'C12R%' then '3' 

WHEN ipc_class_symbol LIKE 'C12S%' then '3' 

WHEN ipc_class_symbol LIKE 'H02K%' then '4' 

WHEN ipc_class_symbol LIKE 'H02N%' then '4' 

WHEN ipc_class_symbol LIKE 'H02P%' then '4' 

WHEN ipc_class_symbol LIKE 'H02B%' then '4' 

WHEN ipc_class_symbol LIKE 'H02J%' then '4' 

WHEN ipc_class_symbol LIKE 'H01M%' then '4' 

WHEN ipc_class_symbol LIKE 'H01B%' then '4' 

WHEN ipc_class_symbol LIKE 'H02G%' then '4' 

WHEN ipc_class_symbol LIKE 'H01H%' then '4' 

WHEN ipc_class_symbol LIKE 'H01R%' then '4' 

WHEN ipc_class_symbol LIKE 'H01K%' then '4' 

WHEN ipc_class_symbol LIKE 'H05B%' then '4' 

WHEN ipc_class_symbol LIKE 'H01T%' then '4' 

WHEN ipc_class_symbol LIKE 'H02H%' then '4' 

WHEN ipc_class_symbol LIKE 'H02M%' then '4' 

WHEN ipc_class_symbol LIKE 'H05C%' then '4' 

WHEN ipc_class_symbol LIKE 'H01P%' then '4' 

WHEN ipc_class_symbol LIKE 'C10G%' then '6' 

WHEN ipc_class_symbol LIKE 'C10L%' then '6' 

ELSE '5' 

END 

"Industry1" 
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With the query below all the relevant data that is necessary to test the hypotheses is retrieved from the 

PATSTAT database.  The column appln_id contains the application id that is needed to distinguish 

between different patents. To test hypothesis 1 the column industry1 shows to which industry a patent 

belongs to. The column appln_filing_year is used to test hypothesis 2. This column determines 

whether a patent is filed in either 2000 or 2010 and is used to test if there are differences in the 

amount of patents citing non-patent literature across time, within and between industries. For 

hypothesis 3 the column rdus1 approximates the R&D intensity of the assignee by averaging the 

amount of patents filed per year in the US. In order to approximate the value of a patent as needed to 

test hypothesis 4 the column citreceived1 is used. The column citreceived1 counts all forward 

citations the patent has received. The column year_active_corrected is used to approximate if a patent 

is start-up or not and will be further transformed into a dummy variable to test hypothesis 5.  Table 

2.3 shows the first 5 results of the dataset created with the queries presented in this chapter. This 

dataset will be used in the next chapter to test the 5 hypotheses. The total amount of patents that are 

retrieved from the PATSTAT database is 453273. 

 

SELECT DISTINCT appln_id, years_active_corrected, rdus1, appln_filing_year, npl_count1, 

citrecieved1, industry1 

FROM N_jelicic.dbo.mastertable_v5  

 

Table 2.2 Overview dataset 

appln_id 

years_activ

e_corrected rdus1 appln_filing_year npl_count1 citrecieved1 industry1 

378329049 55 2483 2010 36 2 1 

51301101 28 34 2000 9 11 1 

365480823 9 6 2010 1 0 3 

334277500 24 30 2010 9 0 6 

50947508 27 1 2000 0 0 2 

  

3. Data analysis 
In this section the 5 hypotheses stated in the beginning of the chapter are tested with the use of the 

data retrieved from the PATSTAT database as explained in the section „data collection‟. All statistical 

analyses are performed with the use of Stata13. Hypotheses 1 and 2 are both tested with the use of 

ANOVA‟s. Hypotheses 3, 4 and 5 are tested in two separate multiple regression model for both 

patents filed in 2000 and patents filed in 2010 while controlling for the industry the patent was filed 

in. 

3.1 Hypothesis 1 
Hypothesis 1 stated that there are differences in the frequency of patents citing of academic literature 

across industries. 2 variables are used to calculate this difference in citation of academic literature. 

The first variable used is the interval variable, and dependent variable, npl_count1. The second 

variable is the categorical, and independent variable, industry1. Variable npl_count1 is used as an 

indicator for the amount of academic literature a patent cites. The variable npl_count1 consists of 

453273 observations with a mean of 9.37. The lowest observation for the npl_count1 variable is 0 and 

the highest observation is 677.  The standard deviation of the variable npl_count1 is 22,80339. Figure 
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3.1 is a visual representation of the npl_count1 distribution as well as the cumulative count of this 

variable. Figure 3.1 is limited to the distribution of first 50 observations in order to keep the graph 

readable. As can be seen, the variable npl_count1 is not normally distributed. This is due to the high 

amount of patents that have 0 citations to non-patent literature.  

Figure 3.1 Distribution of variable npl_count1 

 

The variable npl_count1 does not follow the same distribution for patents filed in 2000 and 2010. 

Figure 3.2 and 3.3 show the distribution of the variable npl_count1 for patents filed in 2000 and 

patents filed in 2010. The 2010 dataset resembles the total distribution of npl_count1 more than the 

2000 dataset and is due to differences in sample sizes. The 2010 dataset (N=394798) is almost 7 times 

larger than the 2000 dataset (N=58475) and thus has a larger impact on the total (the 2000 and 2010 

dataset combined) distribution of npl_count1. For patents filed in 2000, the mean non-patent literature 

count is 16.89 while the mean non-patent literature count for patents filed in 2010 is  6.84. The 

standard deviation of the 2000 dataset is 27.30334 and the standard deviation of 2010 dataset is 

21.7411. For patents filed in 2010, the number of patents that cite 0 non-patent literature make up 

42.91% the dataset. For patents filed in 2000 the number of patents that cite 0 non-patent literature 

comprise only 2.70% of the dataset. 
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Figure 3.2 Distribution of the variable npl_count1 for patent filed in 2000 

 

 

Figure 3.3 Distribution of the variable npl_count1 for patent filed in 2010 

 

The independent variable industry1 is a categorical variable and coded in the following way. Industry 

1 represents the semiconductor industry, 2 the pharmaceutical industry, 3 the biotechnology industry, 

4 the electrical equipment industry, 5 the basic materials chemistry industry and 6 the oil industry. As 

can be seen from table 4 not all industries have the same amount of observations in the dataset. The 

industry with the highest amount of observations in the total dataset is the electrical equipment 

industry with 150427 observations followed by the semiconductor industry with 108100. Third is the 

pharmaceutical industry with 84727 observations. The three industries with the lowest amount of 

observations in the dataset are the biotechnology industry with 54010 observations, the basic 

materials chemistry industry with 48028 observations and the oil industry with 7927 observations. 

Table 3.1 shows the number of observations for each industry in 2000, 2010 and in total. 
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Table 3.1 Number of observations per industry and year filed 

Industry  2000 2010 Total 

Electrical equipment industry 13337 137090 150427 

Semiconductor industry 16614 91486 108100 

Pharmaceutical industry 10658 74069 84727 

Biotechnology industry 10008 44002 54010 

Basic materials chemistry industry 6964 41118 48082 

Oil industry 894 7033 7927 

 

Figure 3.4 Density npl_count1 per industry and year 

 

Figure 3.4 shows the density of the variable npl_count1 for each industry per year limited to the first 

150 values of npl_count1. Above each graph is indicated to which year (2000 or 2010) and industry (1 

is the semiconductor industry, 2 the pharmaceutical industry, 3 the biotechnology industry, 4 the 

electrical equipment industry, 5 the basic materials chemistry industry and 6 the oil industry) the 

graph belongs to. From this graph it becomes clear that the distribution of npl_count1 is similar across 

industries but differs between the year 2000 (top 6 graphs in fig. 3.4) and 2010 (bottom 6 graphs in fig 

3.4).   

Table 3.2 shows the mean non-patent literature count per industry as well as the share of patents that 

cite 0 non-patent literature for both the years 2000 and 2010. Substantial differences are observed 

between industry means. In the dataset with patents filed in 2000 the largest difference is observed 

between the electrical equipment industry (13.38) and the biotechnology industry (21.63). For patents 
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filed in 2010 the largest difference in the mean citation of non-patent literature is between the 

electrical equipment industry (5.38) and the biotechnology industry (9.99). However, this comparison 

does not tell us if the differences in means between industries are statistically significant. In order to 

make claims about the acceptance or rejection of hypothesis 1, more sophisticated statistical analyses 

need to be performed on the dataset. 

 

Table 3.2 Mean non-patent literature count per industry and year 

 Industry 2000 mean 

% 0 non-patent 

literature 2000 2010 mean 

% 0 non-patent 

literature 2010 

Semiconductor industry 14,61 2,44% 7,1 38,63% 

Pharmaceutical industry 20,35 3,42% 7,09 49,38% 

Biotechnology industry 21,63 4,12% 9,99 36,95% 

Electrical equipment industry 13,38 1,64% 5,38 45,03% 

Basic materials chemistry industry 17,05 2,37% 7,4 40,70% 

Oil industry 16,01 1,45% 6,38 39,20% 

 

In order to test if the means of citations to non-patent literature across all industries are not the same 

an ANOVA is performed. ANOVA stands for Analysis Of Variance and is a common statistical 

method to compare means across categories when the dependent variable is an interval variable and 

the independent variable is a categorical variable. Here, ANOVA is used to test if there are statistical 

significant differences between industries for the mean non-patent literature count per patent.  The 

null hypothesis when testing with an ANOVA is that the means across all categories are equal. The 

alternative hypothesis for an ANOVA analysis is that the means across all categories are not equal.  

This means that if the p-values is smaller than 0.05 (p<0.05) the null hypothesis has to be rejected i.e. 

the means are, with 95% confidence, not equal cross all categories. Two separate analyses are 

performed on the 2000 and 2010 dataset.  

3.1.1 ANOVA for patents filed in 2000 

Figure 3.5 ANOVA 2000 

 

 

Figure 3.5 shows the output of the ANOVA analysis for patents filed in 2000. As can be seen from 

figure 3.5 the p value shown in the column „Prob > F‟ is smaller than 0.01 (p<0.01) which is smaller 

than 0.05. This means that the null hypothesis has to be rejected and that with more than 95% 

confidence it can be stated that the mean non-patent literature count per patent is not equal across all 
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industries. However, the ANOVA analysis does not tell us much about the individual differences 

between the industries. Therefore, a Bonferroni comparison is performed. A Bonferroni comparison 

consist a number of t-tests (15 in this case) between all categories while correcting for multiple 

comparisons. Figure 3.6 shows the output of the Bonferroni comparisons. The top value in the 

comparison matrix is the row mean minus the column mean. The bottom value is the p-value. For 

example the difference in means between the semiconductor industry (industry 1) and pharmaceutical 

industry (industry 2) is 5.73511. The p-value that indicates if there is a statistical significant difference 

between the two categories is for the difference between the semiconductor industry and the 

pharmaceutical industry 0.000. Again, the null hypothesis tested with a Bonferroni comparison is that 

the means between two categories are equal. The alternative hypothesis is that means between two 

categories is not equal. If the p-values of the Bonferroni comparisons are smaller than 0.05 the null 

hypothesis has to be rejected i.e. the means are not equal compared across categories.  

Figure 3.6 Bonferroni comparisons between npl_count1 and industry1 for patents filed 2000 

 

As can be seen from figure 3.6, the p-values  for all comparisons are smaller than 0.05 except for the 

comparison between the semiconductor industry (industry 1) and the oil industry (industry 6) which 

has a p-value of 0.946 and between the basic materials chemistry industry (industry 5) and the oil 

industry (industry 6) which has a p value of 1. This means that almost all industries have, with 95% 

confidence, unequal means and thus differ with respect to citations to non-patent literature with the 

exception of the difference between the semiconductor and the oil industry and basic organic 

chemicals industry and the oil industry. For these two comparisons between industries it cannot be 

stated that there are differences in non-patent citations. Because of the highly skewed distribution of 

the variable npl_count1, it would be interesting to test if the results of the ANOVA are the same if all 

the patents that cited 0 non-patent literature are excluded from the analysis. Therefore the ANOVA is 

performed again without patents that cited 0 non-patent literature. The results of this analysis are 

presented in the 3
rd

 column of table 3.3. Table 3.3 shows the mean non-patent literature citation per 

industry. The one (¹) or two (²) indicate that these two industries do not have statistically significant 

different means. As can be seen from the 3
rd

 column of table 3.3 the inter-industry differences have 

changed only slightly when patents cited 0 non-patent literature are excluded from the 2000 dataset. 
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This is not surprising since patents that cited 0 non-patent literature consisted only of 2.70% of the 

patents filed in 2000 dataset. 

 

Table 3.3 Mean non-patent literature count per industry in 2000 

Industry 

Mean non-patent 

literature citations 

Mean non-patent literature citations 

without patents that cite 0 non-patent 

literature 

Semiconductor industry 14.61¹ 14.97¹ 

Pharmaceutical industry 20.35 21.07 

Biotechnology industry 21.63 22.56 

Electrical equipment industry 13.37 13.59 

Basic materials chemistry industry 17.05² 17.46² 

Oil industry 16.01¹ ² 16.25¹ ² 

 

Finally, it is tested if the share of patents that cite 0 non-patent literature is equal across all industries 

for patents filed in 2000. This is done by creating a dummy variable based on the variable npl_count1. 

This dummy variable takes the value 0 if a patent cites 0 non-patent literature and 1 if a patent cites 1 

or more non-patent literature. With this dummy variable and the variable industry1 an ANOVA and 

Bonferroni comparisons are performed. From ANOVA the Bonferroni comparisons can be seen that 

the share of patents that cite 0 non-patent is not equal across all industries. However, the proportion of 

patents that cite 0 non patent literature is equal (p>0.05) for the semiconductor industry and the basic 

materials chemistry industry, the semiconductor industry and the oil industry, the oil industry and the 

electrical equipment industry and the oil industry and the basic material chemistry industry for patents 

filed in 2000. Table 3.4 shows the percentage of patents citing 0 non-patent literature for each 

industry in 2000. The one (¹) or two (²) indicate that these two industries do not have statistically 

significant different means. 

 

Table 3.4 Percentage of patents citing 0 non-patent literature per industry for patents filed in 2000 

 Industry 

% citing 0 non-patent literature 

2000 

Semiconductor industry 2,44%¹ 

Pharmaceutical industry 3,42% 

Biotechnology industry 4,12% 

Electrical equipment industry 1,64%² 

Basic materials chemistry industry 2,37%¹ 

Oil industry 1,45%¹ ² 
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3.1.2 ANOVA for patents filed in 2010 

Next, the ANOVA is performed on the 2010 dataset. Figure 3.7 shows the output of the ANOVA 

analysis for patents filed in 2010. 

Figure 3.7 ANOVA 2010 

 

In figure 3.7 the p-value shown in the column Prob > F is smaller than 0.05. With more than 95% 

confidence, it can be stated that the mean non-patent literature count per patent is not equal across 

industries for patents filed in 2010. To determine the inter-industry differences, a Bonferroni 

comparison is performed. Figure 3.8 shows the output of the Bonferroni comparisons. This table 

should be interpreted in the same way as the Bonferroni comparisons used to test the inter-industry 

differences for patents filed in 2000. The top value in the comparison matrix indicates the differences 

between the two means and the bottom value contains the p-value used to indicate if the difference 

between the mean is statistically significant different from 0. If p-values smaller than 0.05 are 

observed the difference between the means is with 95% confidence different from 0. 

Figure 3.8 Bonferroni comparisons between industries in 2010 
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Surprisingly, the results of the Bonferroni comparisons for patents filed in 2010 are quite different 

than the results of the Bonferroni comparisons for patents filed in 2000. Not only did the order of 

means change between patents filed in 2000 and patents filed in 2010, also the differences between 

the means has dropped. For example in the 2000 dataset the industry with the largest mean is the 

biotechnology sector, followed by the pharmaceutical industry. In the 2010 dataset the industry with 

the largest mean is still the biotechnology sector but is now followed by the basic materials chemistry 

industry. In the 2000 dataset the largest differences between industries was observed between the 

electrical equipment industry and the biotechnology industry, with the biotechnology industry having 

a mean of 6.97 non-patent literature citations higher. In the 2010 dataset the largest differences 

between industries, the biotechnology and the electical equipment industry, was only 4.62 non-patent 

literature citations. For patents filed in 2010 all inter-industry differences are statistically significant at 

the 95% confidence level (p<0.05) except for the difference between the semiconductor and the 

pharmaceutical industry where a p-value of 1 is observed. Table 3.5 shows the mean non-patent 

literature citations for each industry. Similarly to table 3.3, the one (¹) indicates that the differences 

between these industries is not statistically significant at the 95% confidence level. 

To test how much the skewness of the distribution of the variable npl_count1 influences the results of 

the ANOVA the same analysis is performed while excluding patents that cited 0 non-patent literature. 

The results of this ANOVA are presented in the 3
rd

 column of table 3.5. The one (¹) indicates that the 

difference in mean non-patent literature citation between these industries is not statistically significant 

at the 95% confidence level. In contrast to the ANOVA for patents filed in 2000 the differences 

between the ANOVA with and without patents that cited 0 non-patent literature are larger for patents 

filed in 2010. While the Bonferroni comparison between the semiconductor industry and the 

pharmaceutical industry was not significant with patents that cite 0 non-patent literature it is 

significant when patents that cite 0 non-patent literature are excluded from the analysis. The 

Bonferroni comparison between the electrical equipment industry and the oil industry was significant 

when patents that cite 0 non-patent literature are included from the analysis but when these patents are 

excluded from the dataset the differences between the means of these two industries becomes 

insignificant at the 95% confidence level (p=0.3). 

Table 3.5 Mean non-patent literature count per industry in 2010 

 Industry 

Mean non-patent 

literature citations 

Mean non-patent literature citations 

without patents that cite 0 non-patent 

literature 

Semiconductor industry 7,1¹ 11.57 

Pharmaceutical industry 7,09¹ 14.01 

Biotechnology industry 9,99 15.86 

Electrical equipment industry 5,38 9.78¹ 

Basic materials chemistry industry 7,4 12.48 

Oil industry 6,38 10.49¹ 
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Finally, it is tested if the share of patents that cite 0 non-patent literature is equal across all industries 

for patents filed in 2010. This is done with an ANOVA and accompanied Bonferroni comparisons 

between the non-patent literature dummy and the variable industry1 for patents filed in 2010. From 

ANOVA the Bonferroni comparisons it is concluded that the share of patents that cite 0 non-patent is 

not equal across all industries. However, the proportion of patents that cite 0 non patent literature is 

equal (p>0.05) for the semiconductor industry and the oil industry, and the oil industry and the basic 

material chemistry industry. Table 3.6 shows the percentage of patents citing 0 non-patent literature 

for each industry in 2010. The one (¹) or two (²) indicates that these two industries do not have 

statistically significant different shares of patents that cite 0 non-patent literature at the 95% 

confidence level (p>0.05). 

Table 3.6 Percentage of patents citing 0 non-patent literature per industry for patents filed in 2010 

 Industry % 0 non-patent literature 2010 

Semiconductor industry 38,63%¹ 

Pharmaceutical industry 49,38% 

Biotechnology industry 36,95% 

Electrical equipment industry 45,03% 

Basic materials chemistry industry 40,70%² 

Oil industry 39,20%¹ ² 

 

Hypothesis 1 is partly accepted. There are statistically significant differences in the citation of non-

patent literature between most of the industries included in this study. For patents filed in 2000 the 

three industries that were expected to have a high science intensity (Semiconductor, pharmaceutical 

and biotechnology industries) do have higher means with respect to the citation of non-patent 

literature by patents compared to the three low science intensity industries (Electrical equipment, 

basic materials chemistry industry and oil industry) with the exception of the semiconductor industry. 

From the Bonferroni comparisons, it can be seen that the means between the semiconductor indusry 

and the oil industry do not have a statistically significant difference in mean non-patent literature 

citations per patent for both the ANOVA with and without patents that cite 0 non-patent literature 

included in the dataset. This observation was unexpected since the semiconductor industry is 

considered to be a industry with a high science intensity while the oil industry is not. Rather, I 

expected to find large differences between the high science intesity industries and the low science 

intensity industries and small differences within the high science intensity industries and the low 

science intensity industries which is mostly true except for the semiconductor industry and the oil 

industry. The variable (npl_count1) used in the analyses is highly skewed and the differences between 

the ANOVAs with and without patents that cite 0 non-patent literature is larger for the 2010 dataset 

than for the 2000 dataset. However, for patents filed in 2010 the results of the ANOVAs (with and 

without patents that cite 0 non-patent literature) and accompanied Bonferroni comparisons were in 

line with the expectations about the low and high science intensity industries except for the basic 

materials chemistry industry. The basic materials chemistry industry is classified as a low science 

intensity industry, but has a higher mean than the pharmaceutical industry when patents that cite 0 

non-patent literature are included in the analysis and a higher mean than the semiconductor industry 

for both 2010 ANOVAs with and without patents that cite 0 non-patent literature. It is also interesting 

to note that while the high science intensity industries often have a higher mean non-patent literature 

count the share of patents that cite 0 non-patent literature is also higher for some of these industries as 

can be seen in table 6 and 8. The biotechnology industry has the highest share of patents that cite 0 
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non patent literature in 2000 (4.12%). In 2010 the industry with the highest share of patents that cite 0 

non-patent literature is the pharmaceutical industry (49.38%). This means that if patents in the 

pharmaceutical industry cite non-patent literature they cite a lot (for patents filed in 2010). At first 

hand this observation does not make much sense. Possible explanations for this unexpected result are 

given in the chapter „Discussion‟. 

3.2 Hypothesis 2 

Hypothesis 2 stated that the amount of citations to academic literature has increased over time.  In 

order to test this hypothesis, 3 variables are used to calculate the differences in citations to academic 

literature over time: npl_count1, filing_year1 and industry1. The variable npl_count1 is the dependent 

variable and indicates the amount of non-patent literature citations per patent. The variable 

filing_year1 is one of the independent variables and indicates if a patent is filed in either 2000 or 

2010. The variable industry1 indicates to which industry the patent belongs.  

From  figure  3.2 and 3.3 (page 14 & 15), it can be observed that the distribution of the variable 

npl_count1 is not the same for the year 2000 as in the year 2010. From this the preliminary conclusion 

that the means of the non-patent literature count for 2000 and 2010 are probably not equal can be 

drawn.  The sample sizes of patents filed in 2000 and patents filed in 2010 are neither equal. There is 

a large difference between the amount of patents filed in 2000 and 2010. In 2000, 58475 patents were 

filed in the 6 industries selected for the study. In 2010 the amount of patents filed in the 6 industries 

was 394798 which is roughly 7 times as much compared to the amount of patents filed in 2000.  

Suprisingly, a large difference in the mean is observed. For patents filed in 2000 the mean non-patent 

literature count is 16.89, while the mean non-patent literature count for patents filed in 2010 is only 

6.84. This observation, together with the preliminary conclusion drawn from the distributions of the 

variable npl_count1, makes it unlikely that hypothesis 2 will be confirmed. However, only after 

proper statistical analysis conclusions on the confirmation or rejection of hypothesis 2 can be made. 

Therefore  two ANOVA analyses are performed. The first analysis will test if there is a statistical 

significant difference between the means of 2000 and 2010 with respect to the amount of non-patent 

literature citations for all patents included in the dataset. Figure 3.9 shows the output of the ANOVA 

analysis and the Bonferroni comparison between the two categories. Here, the dependent variable is 

npl_count1 and the indepenedent variable is filing_year1. Again, the null hypothesis of the ANOVA 

analysis is that the means are equal. If p-values of smaller than 0.05 are observed, the null hypothesis 

has to be rejected i.e. the means are not equal. 
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Figure 3.9 ANOVA and Bonferroni comparisons between patent filed in 2000 and 2010 

 

In figure 3.9 we can see that both the p-value of the ANOVA (in the column „Prob > F”) and the 

Bonferroni comparison (Bottom value in the comparison matrix) are smaller than 0.05. This means 

that the mean non-patent literature citation between 2000 and 2010 is not equal. From the Bonferroni 

analysis, it can be seen that patents filed in 2000 cite on avarage 10 more non-patent literature sources 

than patents filed in 2010. When patents that cite 0 non-patent literature are excluded from the model, 

the results hold. However, the difference between the means for patents filed in 2000 and 2010 

changes when these patents are excluded. The mean non-patent literature count (when patents that cite 

0 non-patent literature are excluded from the dataset) for patents filed in 2000 equals 17.35 (an 

increase of 0.46 non patent literature citations), while the mean non-patent literature count for patents 

filed in 2010 equals 11.98 (an increase of 5.14). The difference between the two means (5.37) is still 

statistically significant (p<0.001) when patents that cite 0 non-patent literature are excluded, but is 

almost twice as small compared to the differences between the means for patents filed in 2000 and 

2010 when patents that cite 0 non-patent literature are included. 

However, the ANOVA between the variables npl_1count and the filing_year1 does not tell us much 

about the differences in the citation of non-patent literature over time per industry. Therefore, a new 

variable is constructed called industry3. The variable industry3 is a categorical variable that indicates 

when a patents was filed (2000 or 2010) and to what industry the patent belongs. The coding of this 

variable is as follows. Patents filed in 2000 start with a 1, the second number indicates to what 

industry the patent belongs. For example a patent from the semiconductor industry from 2000 is 

coded as 11 while a patent from the semiconductor industry from 2010 is coded as 21. Similarly, the 

pharmaceutical industry in 2000 is coded as 12 while for 2010 it is coded as 22, etc. Figure 3.10 

shows the mean non-patent literature count per industry for the years 2000 and 2010. 

 



26 

 

Figure 3.10 Mean non-patent literature count per patent per industry for 2000 and 2010 

 

 

Next, the second ANOVA analysis is performed. In this ANOVA the dependent variable is again 

npl_count1 and the independent variable is industry3. Again, the null hypothesis for the ANOVA 

analysis is that the means across all categories are equal. The alternative hypothesis for an ANOVA 

analysis is that the means across all categories are not equal.  This means that if the p-value is smaller 

than 0.05 (p<0.05) the null hypothesis has to be rejected i.e. the means are, with 95% confidence, not 

equal cross all categories. The same applies to the Bonferonni comparisons, if p-values smaller than 

0.05 are observed the means between these two categories are not equal. Figure 3.11 shows the output 

of the ANOVA analysis. Figure 3.12 the output of the Bonferonni comparisons. From figure 3.11 can 

be seen than the p-value in the column „Prob > F‟ is smaller than 0.05 i.e. the means are not equal. 

 

Figure 3.11 ANOVA between industries over time 
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Figure 3.12 Bonferroni comparisons between industries over time 

 

 

Figure 3.12 shows the output of all Bonferroni comparisons between all categories.  To test 

hypothesis 2, only the comparisons between the same industries at two different point in time are 

relevant. These are marked with a red rectangle in figure 3.12. All comparisons between the same 

industry over time (11 and 21, 12 and 22, 13 and 23, 14 and 24, 15 and 25, 16 and 26) have p values 

smaller than 0.05 which indicates that the means of these categories are not equal. However, in every 

case, the means of the 2000 values are higher than those of 2010. This leads to the rejection of 

hypothesis 2. There are statistical significant differences between patents filed in 2000 and 2010 with 

respect to the amount of non-patent literature citations these patents have. But the effect is opposite of 

what was hypothesized. Instead of observing an increase in non-patent literature citations a statistical 

significant decrease has been observed for the 6 industries included in this study. The largest decrease 

is found for patents filed in the pharmaceutical industries with 65.16% followed by the oil industry 

with a decrease of 60.15%.. The electrical equipment industry saw a decrease of 59.79%, while the 

basic materials chemistry industy saw a decrease of 56.60% non-patent literature citations per patent. 

The biotechnology industry decreased with 53.81%. The smallest decrease is observed within the 

semiconductor industry with 51.40%. Table 3.7 shows the non-patent literature citations per patent for 



28 

 

the 6 industries at the time point 2000 and 2010 and the difference between them in absolute numbers 

and percentages. 

 

Table 3.7 Industry non-patent literature citations means over time 

 Industry Mean 2000 Mean 2010 Difference % 

Semiconductor industry 14,61 7,1 -7,51 -51,40% 

Pharmaceutical industry 20,35 7,09 -13,26 -65,16% 

Biotechnology industry 21,63 9,99 -11,64 -53,81% 

Electrical equipment industry 13,38 5,38 -8 -59,79% 

Basic materials chemistry industry 17,05 7,4 -9,65 -56,60% 

Oil industry 16,01 6,38 -9,63 -60,15% 

 

Since the variable npl_count1 is is highly skewed the ANOVA and Bonferroni comparisons are 

calculated without patents that cite 0 non-patent literature. This way it can be tested how much 

influence the skewness of the data has on the statistical analyses. Both the ANOVA and the all 

Bonferroni comparisons for the dataset without patents that cite 0 non-patent literature are statistically 

significant at the 95% confidence level (p<0.05) meaning that the means across all industries over 

time are not equal. Table 3.8 is similar to table 3.7 but shows the mean non-patent literature citations 

per patent for each of 6 industries the time point 2000 and 2010 and the difference between them in 

absolute numbers and percentages when exluding patents that cite 0 non-patent literature. 

Interestingly, the percentual differences in the mean non-patent literature citation between 2000 and 

2010 decreases when patents with 0 non-patent literature citations are excluded from the dataset. This 

indicates that while there is a decrease in non-patent literature citation, there is also a large increase in 

patents that cite 0 non-patent literature between patents filed in 2000 and patents filed in 2010, i.e. in 

2010 there is a larger share of patents that cite 0 non-patent literature compared to 2000. However, 

even when patents that cite 0 non-patent literature are excluded from the dataset hypothesis 2 is still 

rejected.  

 

Table 3.8 Industry non-patent literature citations means over time (patent that cite 0 non-patent literature excluded) 

 Industry  2000 2010 Difference % 

Semiconductor industry 14.97 11.57 -3.4 -22.71% 

Pharmaceutical industry 21.06 14.01 -7.05 -33.48% 

Biotechnology industry 22.55 15.86 -6.69 -29.67% 

Electrical equipment industry 13.59 9.78 -3.81 -28.04% 

Basic materials chemistry industry 17.46 12.48 -4.98 -28.52% 

Oil industry 16.25 10.49 -5.76 -35.44% 

 

3.3 Hypotheses 3, 4 & 5 

In this section hypotheses 3, 4 and 5 are tested. Hypothesis 3 stated that firms with a high R&D 

intensity have an increased use of public research. In order to test this hypothesis two variables are 

used npl_count1 and rdus1. Npl_count1 is the dependent variable and the same variable used to test 
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hypothesis 1 and 2. The independent variable, rdus1 is the total amount of patents filed in the U.S. per 

firm divided by the total amount of years active. Here, the total amount of years active is the 

difference between the year of the first patent filed per firm and the year 2015. For patents filed in 

2000 the variable rdus1 has lowest value 0 and as highest value 16704 with a mean of 712.6985 and a 

standard deviation of 2165.275. For patents filed in 2010 the variable rdus1 has as lowest value 0 and 

as highest value 83524 with a mean of 712.6985 and a standard deviation of 2165.275 In figures 3.13 

and 3.14 the distribution of the variable rdus1 is shown for patents filed in 2000 and 2010.  Figures 

3.13 and 3.14 are limited to the values 0 to 50 in order to keep the graph readable. From both the 

figures and the desciptive statistics of the variable rdus1 can be seen that the variable follows a similar 

distribution pattern for patents filed in 2000 and 2010. 

Figure 3.13 Distribution of variable rdus1 for patents filed in 2000 (incl. cumulative) 

 

Figure 3.14 Distribution of variable rdus1 for patents filed in 2010 (incl. cumulative) 

 

Hypothesis 4 stated that more valuable patents are more likely to cite academic research. Again, two 

variables are used to test this hypothesis, citrecieved1 and npl_count1. The variable citrecieved1 
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approximates the value of a patent by containing the total amount of forward citations a patent has 

received. For patents filed in 2000 the variable citrecieved1 has as lowest value 0 and as highest value 

895 with a mean of 14.99 forward citations per patent and a standard deviation of 24.22043. For 

patents filed in 2010 citerecieved1 has as lowest value 0 and as highest value 157 with a mean of 0.96 

forward citations per patent and a standard deviation of 2.72996 Figure 3.15 and 3.16 show the 

distribution of citrecieved1 limited to the first 50 values for readability for patents filed in 2000 and 

2010. While it is clear, from the distribution and descipive statistics of the variable citrecieved1, that 

patents filed in 2000 have more forward citations than patents filed in 2010. This does not necessarily 

mean that patents in 2000 are more valuable. The differences between the amount of forward citation 

for patens filed in 2000 and 2010 can be due to citation lags. Patents in 2000 have in comparison to 

patents filed in 2010 have had 10 more years to receive their forward citations (in this dataset). 

 

Figure 3.15 Distribution of variable citrecieved1 for patents filed in 2000 (incl. cumulative) 

 

Figure 3.16 Distribution of variable citrecieved1 for patents filed in 2010 (incl. cumulative) 

 

0,00%

20,00%

40,00%

60,00%

80,00%

100,00%

0

1000

2000

3000

4000

5000

6000

7000

0 2 4 6 8 101214161820222426283032343638404244464850

Citrecieved1: 2000 

Count Cum. Count

0,00%

20,00%

40,00%

60,00%

80,00%

100,00%

120,00%

0

50000

100000

150000

200000

250000

300000

0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48

Citrecieved1: 2010 

Count Cum. Count



31 

 

In order to test hypothesis 5, a new variable has to be introduced. Hypothesis 5 stated that  start-ups 

are more likely to cite academic research than non-start-up firms. A dummy variable, called startup2, 

is created that indicates if a firm is younger than 5 years (coded as 1) or older than 5 years coded as 

(0). A dummy variable is a binary variable consisting of either a 1 or a 0. This dummy variable, 

startup2, is not based on the the difference between the year of the first patent filed per firm and the 

year 2015 (as used for the approximation of the R&D intensity) but on the difference between the year 

of the first patent filed per firm and the filing year of the patent.This is done by restoring the variable 

„years_active_corrected‟ to its original state by substracting 5 for patents filed in 2010 and 

substracting 15 for patents filed in 2000. Next, interaction variarbles are created between the variable 

industry1 and startup2. These interaction variables are necessary to test if there are differences 

between start-ups per industry since it could be the case that not all start-ups are more likely to cite 

academic research but only start-ups in certain industries. The interaction variables are, just like 

startup2, dummy variables. The interaction variables are coded as 1 if the patent was filed by a start-

up in the specific industry and are coded 0 if the patent was filed by a firm that is not cosidered to be a 

start-up. The interaction variables are called interx1 for start-ups in the semiconductor industry, 

interx2 for start-ups in the pharmaceutical industry, interx3 for start-ups in the biotechnology industry, 

interx4 for start-ups in the electrical equipment industry, interx5 for start-ups in the basic materials 

chemistry industry and interx6 for start-ups in the oil industry. 

Both rdus1 and citrecieved1 are interval variables and thus requires a different testing procedure than 

the ANOVA analysis used to test hypothesis 1 and 2. In order to test hypothesis 3,4 and 5 a  multiple 

regression analysis is performed. A multiple regression model can be used to study the relationship 

between different variables. With the use of a multiple regression analysis, it can be tested how strong 

and in what direction the correlations are between the dependent variable and the independent 

variables included in the regression model as well to what extend the independent variables explain 

the variance in the dependent variable. The correlations between the dependent variable and the 

independent variable are calculated while controlling for the correlations between the dependent 

variable and the other independent variables included the model. This way correlations between the 

independent variables can be compared and a hierarchy of which variables correlate the strongest can 

be constructed. The dependent variable in the multiple regression model is npl_count1. The 

independent variables are: variable rdus1 for hypothesis 3, variable citrecieved1 for hypothesis 4, 

variables interx1, interx2, interx3, interx4, interx5 and interx6 for hypothesis 5 and variables x2, x3, 

x4, x5, x6 as control variables. Variables x2, x3, x4, x5, x6 are dummy variables that indicate if a firm 

belongs to the pharmaceutical industry (x2), the biotechnology industry (x3), the electrical equipment 

industry (x4), the basic materials chemistry industry (x5) or the oil industry (x6). The semiconductor 

industry is omitted from the model as a dummy variable for the industry variables since the industry 

variables are transformed categorical variables. In the regression model, the correlation coefficients of 

the industry variables (x2, x3, x4, x5 and x6) are tested against the ommited category x1. The 

interaction variables are tested against firms that are not start-ups. In order to test the effect of the 

citations lag on the correlation between the variables citrecieved1 and npl_count1 two multiple 

regression analyses are performed, one with the dataset limited to patents filed in 2000 and the other 

with the dataset limited to patents filed in 2010. 
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3.3.1 Multiple regression model for patents filed in 2000 

Figure 3.17 shows the output of the multiple regession analysis for the dataset limited to patents filed 

in 2000. In the top right the overall fit of the model is shown. The first value is the number of 

observations. The value‟ Prob > F‟ test the null hypothesis that all the independent variables have a 

correlation coefficient of 0.  The „Prob > F‟ value is smaller than 0.05 and thus the null hypothesis is 

rejected. The R-Squared (R²) indicates how well the model explains the variance of the independent 

variable. The bottom table shows the parameter estimates. The column „Coef.‟ shows the correlation 

coefficient for each variable included in the model. The correlation coefficient indicates to what 

extend the independent variable correlates with the dependent variable and if this correlation is 

positive or negative. The correlation coefficient indicates how much 1 unit change in the independent 

variables translates into x-unit change in the dependent variable (npl_count1) The column „Std. Error‟ 

shows the standard error of each variable. The column „t‟ shows the t value for per variable. The 

column „P>|t|‟  shows the p-values per variable. The p-values indicates if the correlation coefficient 

between the dependent and independent variable is statistically significant. The null hypothesis tested 

when performing a regression analysis is that the correlation coefficient is equal to 0. The alternative 

hypothesis is that the correlation coefficient does not equal 0. When p-values smaller than 0.05 

(p<0.05) are observed the null hypothesis is rejected with 95% confidence i.e. the correlation 

coefficient does not equal 0. Under all the independent variables is the variable named „_cons‟. This 

variable indicates the constant of the model i.e. if the value that npl_count1 takes if all independent 

variables equal 0. 

 

Figure 3.17 Multiple regression model for patents filed in 2000 
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Before drawing any conclusions on which hypothesis is 

rejected and which is accepted, two underlying 

assumptions should be met. When performing a multiple 

regression analysis the model should not suffer from 

multicollinearity or from heteroskedasticity. A multiple 

regression model suffers from multicollinearity if the 

independent variables in the model have a strong 

correlation among eachother. To test for 

multicollinearity, variance inflation factor (VIF) values 

are calculated. Table figure 3.18 contains the VIF values 

for each variable. The higher the VIF value, the higher 

this variable correlates with the other independent variables included in the model. General rules of 

thumb when interpertating VIF values is that if individual VIF values are between 5 and 10 this 

variables is too strongly correlated with the other independent variables in the model. Also, when 

mean VIF score of higher than 2,5 or 3 are observed problems can be caused due to multicollinearity. 

The statistical software (Stata13) used to calculate the multiple regression analysis automatically 

omitted the interaction variables from the regression model due to collinearity. When the interaction 

variables are replaced by the variable startup2 (a dummy variable that indicates if a firm is younger 

than 5 years old), this variable is also automatically omitted by Stata13 due to collinearity. However, 

the model does not suffer from multicollinearity when the interaction variables are excluded from the 

model since the mean VIF value is 1.25 and  the highest VIF score of 1.44 for the valiables x4 and x2 

are lower than 5.Next, the multiple regression model is tested for heteroskedasticity. When a 

regression model suffers from heteroskedasticity, the variances of the errors are not equal. In other 

words, a model suffering from heteroskedasticity does not predict equally well across the whole 

model. A Breusch-Pagan / Cook-Weisberg test is performed to test for heteroskedasticity. The null 

hypothesis for the Breusch-Pagan / Cook-Weisberg test is that the variances of the errors are equal. 

The alternative hypothesis is that the variances of the errors are not equal. When a p-value is smaller 

than 0.05 the null hypothesis is rejected i.e. the model suffers from heteroskedasticity. Figure 3.19 

shows the output of the Breusch-Pagan / Cook-Weisberg test. 

Figure 3.19 Breusch-Pagan / Cook-Weisberg test output for the 2000 regression model 

 

As can been seen at the bottom of figure 3.17 next to „Prob > chi2‟, the p-value is smaller than 0.05. 

Therefore, the null hypothesis has to be rejected. According to the Breusch-Pagan / Cook-Weisberg 

test the model suffers from heteroskedasticity. However, the heteroskedasticity problem can be cured 

by running the regression model with robust standard errors. Appendix B shows the output of the 

regression model with robust standard errors. The total number of observations used in this model is 

58475 (N=58475) and the R-squared equals 0.0452 (R²=0.0452). The R-squared indicates the 

percentage of how well the model explains the variance of the dependent variable, npl_count1. An R-

squared of 0.0452 is relatively low; the model only explains 4.52% of npl_count1‟s variance. There 

are no differences observed between the correlation coefficients and the R-squared of the „regular‟ 

         Prob > chi2  =   0.0000

         chi2(1)      =  9719.71

         Variables: fitted values of npl_count1

         Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

Figure 3.18 VIFs cores for the 2000 regression model 

    Mean VIF        1.25

                                    

citrecieved1        1.02    0.982400

          x6        1.05    0.954566

       rdus1        1.10    0.909513

          x5        1.30    0.767905

          x3        1.43    0.701599

          x2        1.44    0.695646

          x4        1.44    0.693261

                                    

    Variable         VIF       1/VIF  
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multiple regression model and the regression model with robust standard errors. However, the p-value 

of variable x6 has changed from 0.004 to 0.001. One reason why the model can suffer from 

heteroskedasticity is due to the fact that the dependend npl_count1 is not normally distributed. For 

further robustness checks a poisson regression is performed. There are three main differences in the 

results between the results of the regression model with robust standard errors and the results of the 

poisson regression.  First is that the (pseudo) r-squared of the poisson regression (R²=0.0471) is 

slightly higher than that of the regression model with robust standard errors (R²=0.0453). Secondly, 

the correlation coefficients are in the similar direction for both the regression model with robust 

standard errors and the poisson regression but the correlation coefficients of the poisson regression are 

smaller. Third, the p-value of the variable x6 dropped from 0.001 to 0. The differences between the 

results of the regression model with robust standard errors and the poisson regression does not 

influence the assessment of the hypotheses tested with the multiple regression model. The output of 

the multiple regression with robust standard errors and the output of the poisson regression can be 

found in Appendix 2. Now the regression equation can be formulated for 2000 dataset. A regression 

equation is a equation that predicts the number of non-patent literature citations per patents with the 

use of the correlation coefficients of the independent variables. The regression model for patents filed 

in 2000 is: 

npl_count1 = 12.31006 + -0.0002687*rdus1 + 0.1432646*citrecieved1 + 6.162736*x2 + 

7.777502*x3 + -1.042*x4 + 3.127102*x5 + 2.128476*x6  

Finally, Ramseys RESET test is performed. Ramseys RESET test test the null hypothesis that the 

model has no omitted variables. A p-value smaller than 0.05 is observed and the null hypothesis is 

with 95% confidence rejected. This, together with the low R-squared of the regression model 

indicates that there are potentially more variables that could be included to increase the fitness of the 

model and is important to mention for further research. 
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3.3.2 Multiple regression model for patents filed in 2010 
Figure 3.20 Multiple regression model for patents filed in 2010 

   
Next the multiple regression analysis is conducted for the dataset with patents filed in 2010. Figure 

3.20 shows the output of the multiple regression model for patents filed in 2010. In figure 3.18 the top 

right values show the overall fit of the model. The first value is the number of observations (n). The 

value‟ Prob > F‟ test the null hypothesis that all the independent variables have a correlation 

coefficient of 0.  The „Prob > F‟ value is smaller than 0.05 and thus the null hypothesis is rejected. 

The R-Squared indicates how well the model explains the variance of the dependent variable 

npl_count1. The column „Coef‟ shows the correlation coefficient. The column „Std. Error‟ shows the 

standard error of each variable. The column „t‟ shows the t value per variable.  The column „P>|t|‟ 

shows the p-value for each variable. Two underlining assumptions had to be met in the 2000 multiple 

regression model. Similarly, the 2010 multiple regression 

model should meet the same two assumptions. The first 

assumption, that the  regression model does not suffer from 

multicollinearity, is checked by calculating the VIF values for 

each variable included in the model. From figure 3.2 can be 

seen that the model does not suffer from multicollinearity. All 

VIF values are below 5 and the mean VIF value is only 1.55. 

Interestingly, the interaction variables that were excluded 

from the 2000 regression model due to multicollinearity do 

not suffer from this problem in in the 2010 regression model. 

After performing a Breusch-Pagan / Cook-Weisberg test for 

heteroskedasticity a p-value smaller than 0.05 was observed. 

The 2010 regression model does, just like the 2000 regression 

model, suffer from hetereoskedasticity. In order to cure this     Mean VIF        1.55

                                    

citrecieved1        1.01    0.988112

       rdus1        1.07    0.935700

     interx1        1.28    0.782386

     interx2        1.36    0.737964

     interx5        1.36    0.735808

     interx4        1.38    0.725464

     interx3        1.44    0.693087

     interx6        1.51    0.661164

          x6        1.60    0.624743

          x5        1.81    0.551597

          x3        1.93    0.518073

          x2        2.10    0.475886

          x4        2.33    0.428894

                                    

    Variable         VIF       1/VIF  

Figure 3.21 VIFs cores for the 2010 

regression model 
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problem the regression analysis is calculated with robust standard errors. The r-squared of the 

multiple regression model with and without robust standard errors is in both models 0.1084. No 

changes in correlation coefficients have been observed either. However, the p-value of the variable x6 

has decreased with 0.003 from 0.14 to 0.137. Nevertheless, the variable x6 is in both models (with 

and without robust standard errors) not significant at the 95% confidence level because p>0.05. 

Because the dependend variable npl_count1 is not normally distributed, a poisson regression is 

performed for further robustness tests. The results between the regression model with robust stadard 

errors and the poisson regression have three main differences. The (pseudo) r-squared has decreased 

from 0.1084 for the regression model with robust standard errors to 0.0777 for the poisson regression. 

The correlation coefficients for the poisson model are, similar to the poisson regression used on the 

2000 dataset, smaller than those of the regression model with robust standard errors. Interestingly, the 

dummy variable x6 that indicated if a patent was filed by a firm in the oil industry has changed from a 

positive correlation in the regression model with robust standard errors to a negative correlation in the 

poisson regression. The p-value of x6 dropped from 0.137 in the regression model with robust 

standard errors to 0.00 in the poisson regression i.e. becoming statistically significant at the 95% 

confidence level. Compared to the poisson regression used on the 2000 dataset, the poisson regression 

used on the 2010 dataset has a lower r-squared and thus a worse fit. This indicates that the distribution 

of the variable npl_count1 for patents filed in 2000 resembles a poisson distribution more than the 

distribution of the variable npl_count1 for the patents filed in 2010. The output of the multiple 

regression with robust standard errors and the output of the poisson regression can be found in 

Appendix 2. Next, the regression equation can be formulated for the 2010 regression model. The 

regression equation of the model is: 

npl_count1 = 5.181273 + 0.0000691*rdus1 + 1.7897153*citrecieved1 + -1.832138*interx1 + -

1.874432*interx2 + -13.473868*interx3 + -1.421507*interx4 + -2.560508*interx5 + -

1.703468*interx6 + 1.282299*x2 + 4.537535*x3 + -1.14248*x4 + 1.254618*x5 

Finally, Ramseys RESET test is performed. Ramseys RESET test tests the null hypothesis that the 

model has no omitted variables. Similarly to the 2000 regression model a p-value smaller than 0.05 is 

observed. The null hypothesis, that the model has no omitted variables, is thus with 95% confidence 

rejected. The low R-squared of the regression model and the results of Ramseys RESET test indicates 

that there are potentially more variables that could be included to increase the fitness of the model. 

Future research should therefore include more variables that can further explain the variance of 

npl_count1 (or similar dependent variables based on non-patent literature counts per patent). 

3.3.3. Magnitude and impact 

One might wonder if statistical significance is the same as economic or substantive significance 

(McCloskey and Ziliak, 1996). When using large datasets, as the one used in this study, the odds that 

variables have correlation coefficients that are statistically different from 0 (p<0.05) increases 

(however small the correlation coefficient may be) Therefore a regression analysis is performed on a 

smaller dataset, namely only on patents filed in 2010 in the semiconductor industry. This way the 

2010 dataset is reduced from 394798 to 91486 observations. Figure 3.22 shows the regression output 

for the dataset limited to patents filed in the semiconductor industry in 2010. A second difference 

between statistical significance and substantive significance is the magnitude and impact of the 

correlation coefficients. For example, in the 2010 semiconductor regression model the variable rdus1 

is statistically significant (p<0.05). However, the correlation coefficient of rdus1 is only 0.0000701 

meaning that a patent will cite 1 non-patent literature more if the variable rdus1 increases with 

14265.34. This is almost 10 times higher than the mean of the variable of rdus1 for patents filed in the 

semiconductor industry in the year 2010 (14265.34/ 1448.97=9.85). While the variable is statistically 
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different from 0, in practice, the correlation coefficient of rdus1 is so small that its impact can almost 

be neglected. Therefore, the variable rdus1 is not economically significant (for patents filed in 2010 in 

the semiconductor industry). The magnitude of the correlation coefficients of the variable citrecieved1 

and startup2 are both economically significant. In the 2010 semiconductor regression model for every 

forward citation a patent receives the patent will cite 1.77 more non-patent literature and start-ups in 

the semiconductor industry cite 1.84 non-patent literature less than firms that are not considered to be 

start-ups. Interestingly, the correlation coefficients from the 2010 semiconductor dataset do not show 

many differences with the dataset with all patents filed in 2010. The variable rdus1 is also not 

economically significant in the total 2010 regression model or 2000 regression model (correlation 

coefficient of rdus1 in total 2010 regression model = 0.000069 and1 in the total 2000 regression 

model = -0.0002687) while the variable citreceived1 is economically significant in both the total 2010 

and 2000  regression model (correlation coefficient of citrecieved1 in total 2010 regression model = 

1.7897153 and  in the total 2000 regression model 0.1432646) and the variable interx1 in the total 

2010 regression model (correlation coefficient of interx1 in total 2010 regression model = -1.832138).  

Figure 3.22 Multiple regression output for patents filed in the semiconductor industry in 2010 

 

3.3.4. Comparison between 2000 and 2010 regression model 

In order for a hypothesis to be accepted two conditions should be met. The first condition is that the 

correlation coefficient of the variable used to test the hypothesis should have the predicted „direction‟. 

For example, if the hypothesis predicts an increase between two variables, the correlation coefficient 

should be positive. If the hypothesis predicts a decrease between two variables, the correlation 

coefficient should be negative. The second condition is that the correlation between the dependent and 

independent variables should be statistically significant different from 0 at the 95% confidence level 

i.e. the p-value should be smaller than 0.05 (p<0.05). To accept hypothesis 3, the variable rdus1 

should have a positive correlation coefficient and a p-value smaller than 0.05 in both the 2000 and 

2010 regression model. If these three conditions are met, it can be said with 95% confidence that an 

increase in R&D intensity leads to an increase in non-patent literature citations. Similarly, in order to 

accept hypothesis 4, the variable citreceived1 should have a positive correlation coefficient and a p-

value smaller than 0.05 (p<0.05) in both regression models. Only in this case, it can with 95% 

confidence be stated that more valuable patents cite more non-patent literature. For hypothesis 5, the 

interactions variables interx-n should have  positive correlation coefficients and a p-values smaller 

than 0.05 (p<0.05) in the 2010 regression model. If this is the case, the hypothesis that start-ups in 

specific industries use more public research compared to non-start-ups is to be accepted. 
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Table 3.9 Standardized (Beta) coefficients and standard deviations for all variables included in the regression models  

 

In order to compare the 2000 and 2010 regression models, the standardized correlation coefficients (or 

beta coefficients) for the independent variables have to be calculated. This is necessary because not all 

distributions of the variables are equal between the 2000 and 2010 dataset. The beta coefficients are 

the correlation coefficients produced by the regular regression model transformed to give the unit 

change in standard deviation in the dependent variable (npl_count1) expected with a one standard 

deviation change in the independent variable. This way, both the dependent and independent variables 

are adjusted to their standard deviation and are compatible for comparison between regression 

models. Table 3.9 shows the beta coefficients of each variable for both the 2000 and 2010 regression 

model and the standard deviation (Sigma) of the dependent and independent variables for both 

models. The one (¹) indicates that the correlation coefficient of this variable is not statisticaly 

significant different from 0 at the 95% confidence level (p>0.05). The beta coefficients are calculated 

with the use of Stata‟s „listcoef‟ command. When comparing beta coefficients between two models 

the following rules of thumb are adopted from Cohen (1992); small differences between beta 

coefficients are observed when the difference between the two beta coefficients is lower than 0.1, 

medium when the difference is around 0.3 and large if the difference between the two beta 

coefficients is larger or equal to 0.5. 

Hypothesis 3 is rejected. The variable rdus1 is in both the 2000 and 2010 regression model 

statistically significant different from 0. (p<0.05) However, while hypothesis 3 predicted an increase 

in the citation of non-patent literature if R&D intensity increased, the correlation coefficient between 

npl_count1 and rdus1 is in the 2000 regression model negative. On the basis of the 2000 regression 

model, hypothesis 3 should be rejected. Interestingly, in the 2010 regression model the correlation 

coefficient between npl_count1 and rdus1 is positive and statistically significant. When the R-squared 

of both regression models, 0.0453 for the 2000 model and 0.1084 for the 2010 model, are compared 

the 2010 model explains almost twice as much of the variance. Also, the sample size of the 2010 

regression model is much larger (N=394798 for the 2010 regression  model compared to N=58475 for 

the 2000 regression model). While mixed evidence has been found regarding the relationship between 

Variables Beta Coef. 2000 SD 2000 Beta Coef. 2010 SD 2010 

npl_count1 - 21,70 - 14,92 

rdus1 -0,0262 2165,2753 0,0121 2768,5416 

citrecieved1 0,1562 24,2204 0,3091 2,7300 

interx1 - - -0,0270 0,2326 

interx2 - - -0,0275 0,2318 

interx3 - - -0,0415 0,1888 

interx4 - - -0,0296 0,3288 

interx5 - - -0,0275 0,1698 

interx6 - - -0,0084 0,0779 

x2 0,1071 0,3861 0,0317 0,3904 

x3 0,1319 0,3766 0,0903 0,3147 

x4 -0,0197 0,4196 -0,0344 0,4761 

x5 0,0456 0,3239 0,0242 0,3055 

x6 0,0118 0,1227 0,028¹ 0,1323 
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the citation of academic literature by patents and the R&D intesity of the firm that filed the patent, the 

2010 regression model is favored over the 2000 regression model because  the 2010 regression model 

has a better prediction on a larger sample size. However, after when examining the economic 

significance of the variable rdus1 it was discovered that while the variable rdus1 is statistically 

significant from 0, a 1 unit increase in npl_count1 translated into a unrealisticly high increase in R&D 

intensity. Therefore, hypothesis 3 is rejected. Hypothesis 4 is accepted. In both regression models the 

variable citrecieved1, used to approximate the radicalness of a technology by counting the total 

amount of forward citations the patented technology has received, has a positive statistically 

significant correlation coefficient. The initial reason to run seperate regression models for the 2000 

and 2010 dataset was to control for citation lags. However, while patents filed 2000 had a longer time 

to receive forward citations, the beta coefficient is lower compared to the standardized correlation 

coefficient for patents filed in 2010. When following Cohen‟s (1992) rules of thumb the differences 

between the standardized correlation coefficients are considered to be medium. One explanation could 

for this observation could be that patents that have many non-patent literature citations receive their 

forward citation earlier than patents that do not. This does not harm the prediction of hypothesis 4. In 

contrary, it might even be the case that radical innovations get cited not only more but also quicker 

than incremental innovations because they incorporate scientific knowledge. The beta coefficients of 

the interaction variables interx2, interx3, interx4, interx5 and interx6 should be interpertated with 

caution. For the interaction variables, the (beta) correlation coefficients are relative to the omitted 

category, startup2. For example, Variable interx1 has a beta coefficient of -0,027 and p<0.05. This 

should be interpreted as such: patents filed by start-ups in the pharmaceutical industry cite 0,027 

standard deviation of npl_count1 less per patent (per unit change of 1 standard deviation in interx2) 

than patents filed by firms that are not start-ups. Hypothesis 5 is rejected on the basis of the 2010 

regression model since the interaction start-up variables were omitted from the 2000 regression model 

due to collinearity. All interaction variables have beta coefficients that are negative and statistically 

significant which means that patents filed by start-ups do not have an inceased use of academic 

research but actually a decreased use of academic research compared to patents filed by non-start-up 

firms. All independent variables used in the regression model were controlled by eachother and by the 

5 control variables: x2, x3, x4, x5, x6. The 5 dummy variables x2, x3, x4, x5 and x6 indicated to 

which industry each patent belonged. Similarly to the beta coefficients for the interaction variables the 

beta coefficients for variable x2, x3, x4, x5 and x6 are tested against the omitted variables x1. The 

beta coefficients for variables x2 (pharmaceutical industry), x3 (Biotechnology industry), x4 

(Electrical equipment industry), x5 (Basic materials chemistry industry) and x6 (Oil industry) are 

relative to the semiconductor industry. For example variable x2 has a beta coefficient of 0,1071 and 

p<0.05 for patents filed in 2000. This means that patents from the year 2000 filed by firms in the 

pharmaceutical industry cite, with 95% confidence, 0.12 standard deviation of npl_count1 more (per 

unit change of 1 standard deviation in x2) than patents filed by firms in the semiconductor industry in 

2000. The industry dummy variables and the variable from_year1 show slightly different results than 

those of the variance analyses used to test hypotheses 1. This is due to the other independent variables 

included in the regression model. When performing a multiple regression analysis for each 

independent variable the correlation coefficients (and beta coefficients) are calculated while 

controlling for the effects that the other independent variables have on the dependent variable. The 

ANOVA‟s used to test hypothesis 1 did not include these control variables. For example, in the 

multiple regression analysis the industry variables are controlled by the R&D intensity of the firm that 

filed the patent, the amount of forward citations the patent has received and if the patent is filed by a 

start-up in one of the 6 industries. The same applies to all the other independent variables in the 

multiple regression model. Table 3.10 shows the differences between the results of the ANOVAs used 

to test hypothesis 1 and the results of the multiple regression model used to test hypothesis 3,4 and 5. 
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In table 3.10 the industries are ranked based on their mean (ANOVAs) or their correlation coefficient 

(Regression model). The industry with the highest mean or strongest correlation coefficient is ranked 

as first, the industry with the second highest mean or second strongest correlation coefficient is ranked 

second, etc. The one (¹) or two (²) indicate that these variables do not have statistically significant 

different means or correlation coefficients at the 95% confidence level (p>0.05). 

 

Table 3.10 Industries ranked by the highest mean or strongest correlation coefficient 

 

ANOVA 2000 ANOVA 2000 (no 0) Regression 2000 

1 Biotechnology Biotechnology Biotechnology 

2 Pharmaceutical Pharmaceutical Pharmaceutical 

3 Basic materials chemistry² Basic materials chemistry² Basic materials chemistry 

4 Oil¹ ² Oil¹ ² Oil 

5 Semiconductor¹ Semiconductor¹ Semiconductor 

6 Electrical equipment Electrical equipment Electrical equipment 

 

ANOVA 2010 ANOVA 2010 (no 0) Regression 2010 

1 Biotechnology Biotechnology Biotechnology 

2 Basic materials chemistry Pharmaceutical Pharmaceutical 

3 Semiconductor¹ Basic materials chemistry Basic materials chemistry 

4 Pharmaceutical¹ Semiconductor Oil¹ 

5 Oil Oil¹ Semiconductor¹ 

6 Electrical equipment Electrical equipment¹ Electrical equipment 

 

4. Discussion 
In this chapter the results of the data analysis chapter are critically discussed. Here various 

explanations on why certain results differ from previous research on the use and impact of scientific 

research on technological development are discussed. First, the methodological differences between 

the studies the hypotheses are based on and the methodology applied in this study are compared. 

Hypothesis 1 is confirmed. Statistical significant differences between almost all industries were 

observed and most of the high science intensive industries had a higher non-patent literature mean 

than the low science intensive industries. However, for two industries analyses for the present study 

show unexpected results. The high science intensity semiconductor industry had in all statistical 

analyses a lower mean or correlation coefficient than one or more low science intensity industries. 

The basic materials chemistry industry had in all statistical analyses a higher mean or correlation 

coefficient than the semiconductor industry. It is also interesting to note that while the high science 

intensity industries often have a higher mean non-patent literature count, the share of patents that cite 

0 non-patent literature is also higher for some of these industries. The science intensity of each 

industry was determined from the results of a mixed body of literature, most of the studies had a 

survey based methodology and one had a patent based methodology. One major limitation of survey 

based research is that the results are based on self-reported data. The studies that examined the 

differences in the use of scientific knowledge between industries with a survey based methodology 

did not measure the actual use of scientific knowledge but measured how the participants in each 

industry perceived the use of scientific knowledge for their industry. It could well be the case that the 

perception of the use of scientific knowledge differs from the actual use of scientific knowledge. It is 
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also conceivable that the participants in the survey based studies judged the use of scientific 

knowledge in comparison to the use of other kinds of knowledge necessary in the innovation process 

(see Vincenti (1990)). The variable npl_count1 was an absolute count of the number of non-patent 

literature citations. Further research could also use a more refined indicator for the use of scientific 

knowledge in a certain technology namely the share of non-patent literature citations out of the total 

amount of backward citations a patent has. This way the use of scientific knowledge is compared to 

the other knowledge sources used in the development of a technology. It could for instance be the 

case that for the basic materials chemistry industry and the pharmaceutical industry the absolute use 

of scientific knowledge is the same, but that for the basic materials chemistry industry a larger variety 

of knowledge sources is used next to scientific knowledge. Therefore R&D managers in the basic 

materials chemistry industry would perceive science to be of a lower importance than R&D managers 

in the pharmaceutical industry. The pie-charts above (figure 4.1 and 4.2) try to illustrate that while the 

non-patent literature count can be (almost) equal, the relative share of non-patent literature citations to 

the total number of backward citations can differ between industries. (The numbers of backward 

citations in the pie charts are an example to demonstrate the difference between the absolute and 

relative amount of scientific knowledge used in the development of a technology, the number of non-

patent literature citations is drawn from the 2010 ANOVA with patents that cite 0 non-patent 

literature included.)  

The dependent variable npl_count1 might also have played a different role in the unexpected results 

associated with hypothesis 1. It could be the case that the distribution provided by Calleart et al 

(2006) is not equal across all industries. According to these authors 55% of non-patent literature 

citations for patents filed at the USPTO are to academic journals. It could be that the share of non-

patent literature citations to academic journals differs across industries.  Non-patent literature data is 

stored in a raw format in the PATSTAT database which does not allow for easy identification of 

citations to academic literature for large datasets. The use of other databases with neater stored non-

patent literature data could be linked to scientific journal databases such as the Science Citations 

Index or Scopus to get a better indication of the amount of citations to academic literature than the 

one applied in this study. It should also be mentioned that academic publications are the main 

communication channel between universities and industry but are not the only one: informal contacts, 

scientific instruments, specialized knowledge of a university researcher are also ways in which 

knowledge flows from the academic domain to the industrial domain. (Gilsing et al., 2011; Cohen et 

al., 2002; Arundel et al., 1995) Non-patent literature thus does not capture all scientific knowledge 

transfers. 
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A patent is first and foremost a legal document that gives the owner the right to exclude others from 

selling a certain technology in exchange for disclosure of the invention. However, this is not the only 

mechanism a firm can apply to protect the profits of an innovation. Other mechanisms include secrecy 

and lead time advantages (Cohen et al., 2000).  The differences in protection mechanisms applied 

between industries can influence the dataset. For example in industries where secrecy is a more 

popular protection mechanism, patent data does not cover all innovations in an industry. According to 

Cohen et al. (2000) there are different patenting strategies with related patenting motives. They 

distinguish 7 reasons for firms to patent a product innovation: to prevent copying, to blocking 

competitors, prevent lawsuits, to enhance reputation, to use in negotiations, to generate licensing 

revenue and to measure (internal) performance. The two most used patenting strategies are to prevent 

copying (95.7%) and to block competitors (81.8%). Cohen et al. also mention that patenting strategies 

differ across industries. While for industries with more „discrete‟ products such as the chemical 

industry patenting motives tend to be more towards the blocking of competitors, in industries with 

more „complex‟ products such as the semiconductor industry, firms are more likely to use patents for 

negotiation purposes. Since the methodology applied in this study is a patent analysis, it should be 

taken into account when assessing hypothesis 1 that the differences in patenting strategies applied 

throughout different industries can have an impact on the citation of academic literature for patents 

filed between different industries. It could be the case that the differences in the use of scientific 

knowledge between the industries examined in this study can be (partially) explained by differences 

in patenting strategies between industries. When the proportion of patents that cite 0 non-patent 

literature between industries compared with the mean non-patent literature citation between industries 

it can be seen that some industries have a large proportion of patents that cite 0 non-patent literature 

while still having a high non-patent literature citation mean such as the biotechnology industry in 

2000 and the pharmaceutical industry in 2010. This indicates that if patents in these industries cite 

non-patent literature, they cite a lot. This might further evidence for the impact of differences in 

patenting strategies. It could be that the patents that cite non-patent literature in these industries are 

filed for more „traditional‟ reasons such as the prevention of copying by competitors while patents 

that cite 0 non-patent literature for other more „strategic‟ reasons such as to block competitors or to 

enhance reputation. However, patents do not reveal the motivation of the assignees to file the patents 

and it would be incredibly hard, if not impossible, to determine the assignees motivation without 

asking the assignees themselves.  

While survey based methodologies can suffer from problems due to the use of self-reported data, 

patent citation analyses suffer from a comparable problem. This is because a patent citation does not 

provide any information on the impact of the cited work on the patented technology. There are some 

ways to determine how much impact a citation had on the patented technology with the use of so 

called X and Y citations. X citations are citations that are by themselves a threat to the novelty of a 

patented technology. A Y citation is a citation that is a threat to the novelty of a patented technology 

in combination with another citation. X and Y citations thus contribute more to the development of a 

technology than citations that do not have this classification. However, only the EPO uses the X and 

Y citation classification system. The USPTO does not have this kind of classification system for 

patent citations (Criscuolo & Verspagen, 2008). Therefore, I was not able to determine if a non-patent 

literature citation was an X or Y citation in the PATSTAT database because only patents filed at the 

USPTO were included in this study. Further research may reduce the underlying methodological 

problems that arise when performing patent citation analyses by incorporating the X and Y 

distinctions for patent citations to determine how much the cited work has contributed in the 

development of a technology. However, when trying to differentiate between normal citations and X 

and Y citations, other methodological issues arise since the researcher is limited to patents filed at the 
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EPO. As has been discussed earlier, the prior art of patents filed at the EPO is determined by the 

patent examiner, not the inventor itself. The prior art of the patent examiner can differ from that of the 

inventor in that the examiner might determine certain prior art that resembles the technology (or 

phenomena that occur in the technology) but did not actually play a role in the development of the 

technology.    

The rejection of hypothesis 2 was unexpected. Hypothesis 2 stated that the use of scientific research 

has increased over time. A statistical significant decrease in the amount of non-patent literature 

citations was observed for all industries between 2000 and 2010. This finding was reconfirmed by 

testing the hypothesis when patents that cited 0 non-patent literature were excluded from the dataset 

albeit the difference in the mean between patents filed in 2000 and 2010 decreased. This indicated, 

together with the different distribution patterns for the 2000 and 2010 dataset for the independent 

variable npl_count1, that the share of patents that cited 0 non-patent literature was larger in the 2010 

than in the 2000 dataset. There may be three reasons for the unexpected decrease in non-patent 

literature citation. The first could be the case that the sample is not representative. Only two time 

points were included in the study: patents filed in 2000 and 2010. It could be the case that in the year 

2000 a disproportional amount of patents with a high number of non-patent literature citations were 

filed. Similarly, it could be that in the year 2010 a disproportional amount of patents with a low 

number of non-patent literature citations were filed. Further research should thus include broader time 

frames to reduce the uncertainties about the sampling methodology applied in the thesis. If further 

research with a more appropriate sample reconfirms the findings of this thesis, other factors might 

explain the decrease in non-patent literature citations. A decrease in non-patent literature citations 

could be due to changes in patenting strategies applied by firms over time. Differences in patenting 

strategies cannot only differ between industries but can also change over time. Blind et al. (2013) 

examined the changes in patenting motives over time for German companies. Their findings were that 

strategic patenting motives, for German companies, decreased in importance between 2002 and 2011 

compared to traditional patenting motives. It is therefore not implausible that changes in patenting 

motives have occurred for companies operating in the US market, as in this study. Changes in 

patenting policy could possibly also influence the citation of non-patent literature over time. However, 

according to Kortum and Lerner (1999) institutional change has a much lower impact on patenting 

activity than changes in patenting strategies. (Kortum & Lerner, 1999) 

Hypothesis 3 is rejected. Hypothesis 3 stated that firms with a high R&D intensity are more likely to 

use public research.  Unexpected results were found from the data analysis for the variable rdus1. In 

the 2000 regression model the variable rdus1 had a negative correlation coefficient that was 

statistically significant at the 95% confidence level (p<0.05) In the 2010 regression model a positive 

correlation coefficient was found for rdus1 and was statistically significant at the 95% confidence 

level. While the 2010 regression model has a higher r-squared on a larger dataset, the hypothesis is 

still rejected. This is due to the lack of economic significance of the variable rdus1. This could be due 

to the perception of R&D managers on the use of scientific knowledge in innovation processes 

compared to actual patenting activity. A technology can consist of multiple patented components. It 

could be that only the main patented component(s) of a technology incorporate scientific knowledge 

while patented components that are more on the „periphery‟ of the technology might not. This could 

influence the perception of the R&D manager and might be the reason why no relationship between 

the R&D intensity of a firm and the use of scientific knowledge in patents was found in this study. 

However, the R&D intensity of the firm was approximated with the use of patent information 

available in the PATSTAT database and is not the actual R&D of the firm that filed the patent. 
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Further research could incorporate more sophisticated approximations of the R&D intensity or in the 

best case the actual R&D expenditure of the firms that filed the patents.   

Hypothesis 4 is accepted. Radical innovations incorporate more scientific knowledge than incremental 

innovations. However, the indicator to measure if a patented technology is a radical innovation or not 

is approximated by its value. In this study, the value of the patent is approximated by the amount of 

forward citation the patent has received. The approximation of the value of patent with the use of 

forward citations is a common method introduced by Trajtenberg (1990). However, the approximation 

of a technology being a radical innovation or not with the use of the value of a patent is based on the 

author‟s intuition. If further empirical research demonstrates that there is no relationship between the 

value of a patent and a technology being a radical innovation or an incremental innovation hypothesis 

4 has to be adjusted. The adjusted hypothesis 4 would state that more valuable patents cite more 

academic research. Hypothesis 4 adjusted is still an interesting observation and might serve as an 

argument in favor of government funding of academic research. The argument is as follows: if the use 

of academic research increases the value of a technology and firms with valuable technologies 

perform better than firms that do not and it is in a national government best interest to have well 

performing domestic firms, then funding of academic research is necessary to generate new 

knowledge for firms to source from. Recently, researchers have tried to give a more refined indicator 

of a patents value by incorporating X and Y citations to determine the value of a patent. Here, the X 

and Y citations are not examined as backward citations but as forward citations. According to 

Czarnitzki et al. (2011), patents that are often cited as X or Y citations have a higher market value that 

patents that do not. Further research could incorporate forward X and Y citations as a more refined 

indicator than the total amount of forward citations. However, the use of X and Y citations is limited 

to patents filed at the EPO which has some methodological constraints with regards to who 

determines the prior art as explained in this and in earlier chapters. It should also be noted that, due to 

the relatively short amount of time the patents had to receive their forward citations, this study did not 

control for so called “sleeping beauties”. Sleeping beauties is a concept borrowed from bibliometric 

literature and are (academic) papers that that are only recognized as useful after a long period of time 

(van Raan, 2016). However, this concept might also apply to patents. It could be that there are certain 

patented technologies that only get recognized as a useful technology after a long time. Further 

research could further examine the relationship between sleeping beauties and the use of scientific 

knowledge in these technologies. 

Hypothesis 5 was rejected. No evidence has been found that start-ups are more likely to incorporate 

scientific knowledge compared to non-start-ups. Two articles that studied the relationship between 

start-ups and the use of scientific research were included in the literature review. Both studies had a 

survey based research methodology. However, while Cohen et al. (2002) demonstrated that there is a 

relationship between the use of scientific knowledge and being a start-up, Laurser and Salter (2004) 

did not find any evidence for a relationship between the use of scientific knowledge and being a start-

up. Laurser and Salter (2004) stated that they did not find any evidence because of incorrect sampling. 

According to these authors their sample consisted of a low number of start-ups. However, it should be 

noted that the relationship that Cohen et al. (2002) found was not that strong either. A correlation 

coefficient was found that was only significant at the 90% confidence level. (p<0.1)  The rejection of 

hypothesis 5 is probably not due to incorrect sampling but there is a possibility that it could be caused 

by incorrect approximation. Being a start-up was approximated in this study by determining the 

differences in time between the first patent filed per assignee and the filing year of the patent. If the 

difference between the first patent filed per assignee and the filing year of the patent was smaller or 

equal to 5 the patent was considered to be a start-up. First, it might be questioned if this is a good 
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approximation of the age of a firm. A firm might be active long before it files it first patent so there 

might be some discrepancies between the approximation and the actual age of a firm. Next, one might 

wonder if the only characteristic of a start-up is being a young firm. It could be that start-ups are only 

a subgroup of young firms. Maybe only certain start-ups use more academic research. For example, it 

could be the case that only university spin-offs cite more academic research in their start-up phase 

compared to other start-ups. However, it is unclear how a start-up is defined by other factors than its 

age. Further research could make further discriminations between different kinds of start-ups than 

only the industry it belongs to, to test if the intuitions about the rejection of hypothesis 5 are correct.  

The low R-squared of the regression models and the results of Ramsey‟s RESET test imply that there 

are more factors that contribute to a patent citing non-patent literature next to the ones included in the 

regression models. Other factors could not be included in the model due to the methodological 

constraints associated when performing a patent analysis but were identified in the literature to lead to 

an increased use in scientific knowledge in technological development. One of the factors excluded 

from this study is the relationship between the proximity of the firm to a public research institution 

and the use of public research by this firm.  Arundel and Geuna (2004) determined that lower 

geographical proximity to public research institution increases the use of public research and that an 

increase in R&D leads to a lower importance of proximity. Further research could include indicators 

of proximity to see if the importance of proximity is mediated by one of the other independent 

variables used in this study or vice versa. For example, geographical proximity could affect the use of 

public research by start-ups. Since the size of a firm correlates with the R&D of a firm (Cohen et al., 

2004) and it is plausible to assume that start-ups have a smaller firm size and that an increase in R&D 

leads to a lower importance of geographical proximity to a public research institution (Arundel & 

Geuna, 2004) it is expected that geographical proximity to a public research institution leads to a 

higher use of public research for start-ups. Another variable that could be included in further research 

is a more direct measurement of the translation capabilities of a firm. While this would be next to 

impossible to determine the translation capabilities of a firm with the use of a patent analysis, other 

research methodologies might be applied, such as a survey, to measure the internal translation 

capabilities of a firm. The translation capabilities of a firm might be determined by looking at the 

education level. Here the idea is that university educated R&D workers have more translation 

capabilities due to the exposure to academic research during their education. 

5. Conclusion 
The results of the non-patent literature citation analysis demonstrate that many findings on 

determinants of the use of scientific knowledge for technological development cannot be replicated 

when applying a different methodology (hypothesis 1, 3 and 5) or when applying a similar 

methodology (hypothesis 2) on a more recent dataset. There are clear differences between industries 

in the use of scientific knowledge in patented technologies. The industries where patents cite, on 

average, the most academic literature are the biotechnology industry and the pharmaceutical industry. 

Two industries showed unexpected results. In the literature, the semiconductor industry is one 

industry that is often classified as an industry where science is perceived to be important for 

technological development. However, in some statistical analyses this industry was outperformed by 

industries that are traditionally not classified as industries where science is perceived to be important. 

In contrast, the basic materials chemistry industries cited on average, in some of the statistical 

analyses, more or an indistinguishable amount of non-patent literature than patents filed in the 

pharmaceutical industry. No evidence was found for an increase in the use of scientific knowledge for 

patents filed between 2000 and 2010. Actually, the opposite of what was hypothesized was found, 
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patents filed in 2010 cited less non-patent literature compared to patents filed in 2000. Conflicting 

evidence was found on the relationship between the R&D intensity of the firm and the use of 

scientific knowledge by these firms in their (patented) inventions. While for patents filed in 2000 a 

positive statistically significant correlation coefficient is found, for patents filed in 2010 a negative 

statistically significant correlation coefficient is found. While the 2010 regression model was 

preferred over the 2000 regression model, hypothesis 3 was rejected on the lack of economic 

significance. From this patent citation analysis, empirical evidence has been found for a positive 

relationship between radical innovations (or at least more valuable innovations) and an increased the 

use of scientific knowledge in the invention process. No evidence was found for an increased use of 

scientific knowledge in patented technologies filed by start-ups. In every statistical analysis 

performed, start-ups in every industry included in this study cited less academic research compared to 

firms that are not considered to be start-ups. Overall, the results of this study support the weak form of 

the linear model of innovation. Many patents included in this study cited 0 non-patent literature 

(37.72% of all patents included in this study did not cite any non-patent literature). Table 5.1 shows 

the similarities and differences between the results from this study and those of the literature the 

hypotheses are based on. The column „literature‟ shows the author and the year of publication of the 

literature, the column „method‟ indicates the methodology that was applied in the literature and the 

final columns indicates the differences and similarities between the literature and this study. 

There are important limitations to this study. The first limitation is that the results are difficult to 

generalize. Due to methodological constraints only patents filed at the US Patent Office could be 

included in the patent citation analysis. Further limitations on the generalizability of this study are that 

since only patents filed in 6 industries at two time periods were included in the study the results of this 

study are difficult to generalize over other industries and time periods. Further research should thus 

include a larger variety of industries and time periods to see if the results of this study hold. Other 

limitations include the approximations of the variables included in this study. The variables the 

measured the use of scientific knowledge in a technology, the R&D intensity of the firm that filed the 

patent, the value of a patent and the age of the firm that filed the patent are approximated with patent 

data and are not ideal. Further research should thus include more refined indicators. This can be 

realized in two ways. The first way is by linking patent data to other data sources such as (but not 

limited to) databases that contain academic publications (for a better indicator of the use of scientific 

knowledge) and databases that contain the actual R&D expenditure and age of a firm. The second way 

is by creating more robust indicators through approximation with the use of patent data. Two main 

limitations of this study are shared with most, if not all, patent analyses. First, patents do not cover all 

inventions and second, patents not reveal the motivation of the assignee to file for a patent. Other 

factors that influence the use of scientific knowledge in invention processes that were identified in the 

literature, such as the geographical proximity to a public research institution or the internal translation 

capabilities of a firm, could not be measured with a patent analysis either. In this respect, a survey 

based methodology might be more suited to study the science-technology interaction since a larger 

amount of variables can be measured and included in statistical analyses.  

From the results of this study some policy implications can be drawn. This study has shown that there 

is a relationship between a technology being a radical (and valuable) innovation and the use of 

scientific knowledge in this technology. Therefore, if policy makers want to increase the amount of 

radical innovations created by firms, policy makers should stimulate the use of scientific knowledge 

in R&D processes. One way to stimulate the use of scientific knowledge is by strengthening the 

science-technology linkage. However, the use of scientific knowledge differs per industry as has been 

demonstrated by this study. If policy makers wish to increase the science-technology linkage, some 
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industries might need more attention than others. Another way to increase the use of scientific 

knowledge in R&D processes (to stimulate innovation) is by increasing the quality and amount of 

scientific research. This can be realized by increasing funding of academic research. This does not 

mean that all scientific fields contribute equally to technological development. The studies by 

Rosenberg and Nelson (1993), Klevorick et al. (1995) and Arundel et al. (1995) all have shown that 

certain scientific fields are of higher importance than other scientific fields according to R&D 

managers working across different industries. The scientific fields that are considered to be of high 

importance are: computer science, material science, mechanical, chemical and electrical engineering. 

Interestingly, these scientific fields are also scientific fields that are traditionally dominated by ‟low‟ 

(more data oriented) scientific styles as described by Kwa (2011). The economic benefits are not 

limited to knowledge spillovers from the scientific domain to the technological domain. According to 

Salter & Martin (2000) there are 6 ways that publicly funded research can lead to economic benefits: 

Increasing the stock of knowledge, training skilled graduates, creating new scientific instrumentation 

and methodologies, forming networks, increasing the capacity for scientific and technological 

problem-solving, and creating new firms.  

Table 5.1 Similarities and differences between the results of this study and the studies the hypotheses are based on. 

Literature Method Similarities Differences 

Hypothesis 1    

Cohen et al. (2002) Survey In the study by Cohen et al. it 

was determined that the 

pharmaceutical and 

semiconductor industry are 

industries where science is 

perceived to be important by 

R&D managers 

In Cohen et al. the petroleum 

(oil) industry was one of the 

industries where science is 

perceived to be important. This 

is in contrast to the results of 

this study. 

Mansfield (1991) Survey The drug (pharmaceutical) 

industry is one of the 

industries that ranked science 

as important for technological 

development. The electronic 

industry one where science 

was ranked as having a low 

importance for technological 

development 

The chemical industry is in 

Mansfield an industry where 

science is ranked as having a 

low importance but in this 

study, in at least one branch of 

chemistry, namely the basic 

materials chemistry industry, 

patents do not cite less non-

patent literature (in some of the 

statistical analyses)  compared 

to other industries where 

science is considered to be 

important for technological 

development such as the 

pharmaceutical industry  

Narin & Noma 

(1985) 

Patent analysis According to Narin & Noma 

the biotechnology sector had 

almost merged completely 

with science. In this study, the 

biotechnology industry is the 

industry with the highest non-

patent literature citations per 

patent. 
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Klevorick et al. 

(1995) 

Survey The pharmaceutical industry 

(named drug industry in 

Klevorick et al.) is an industry 

where science is of high 

importance. 

The basic materials chemistry 

industry is in Klevorick et al. an 

industry where science is of low 

importance. In this study, the 

mean non-patent literature count 

of the basic materials chemistry 

industry (named the industrial 

inorganic chemicals industry in 

Klevorick et al.) is in some 

statistical analyses  equal or 

higher than the mean of the 

semiconductor or 

pharmaceutical industry. 

Rosenberg & Nelson 

(1993) 

Survey The drug (pharmaceutical) 

industry was found to be an 

industry where science is of 

high importance. These results 

are similar to this study. 

 

Hypothesis 2    

Narin et al. (1997) Patent analysis  Narin et al. discovered a large 

increase in citations to academic 

literature for the US 

manufacturing sectors over 

time. However, this study did 

not find any evidence for an 

increase in citations to academic 

literature in other industries for 

a more recent time period. 

Hypothesis 3    

Mohnen & Hoareau 

(2003) 

Survey  Mohnen & Hoareau determined 

that an increase of a firms R&D 

expenditure leads to an 

increased use of scientific 

research.  

Laurser & Salter 

(2004) 

Survey  Laurser & Salter established a 

relationship between R&D 

intensity and the use of 

scientific knowledge.  

Cohen et al (2002) Survey  Similarly to Mohnen & Hoareau 

and Laurser & Salter, Cohen et 

al found a positive relationship 

between a firms R&D and the 

use of scientific knowledge in 

technological development. 

Hypothesis 4    

-    

Hypothesis 5    

Cohen et al. (2002) Survey  While Cohen et al. found a 

positive relationship between 

start-ups and an increased use of 

scientific research this study 
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Appendix 1. Queries 
SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'A61K%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'A61K%' OR 

t2.ipc_class_symbol LIKE 'A61K%' AND t1.appln_filing_year = '2010'  

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01L%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01L%' AND 

t1.appln_filing_year = '2010'  

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C07G%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C07G%' AND 

t1.appln_filing_year = '2010'  

UNION ALL 
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12M%' AND 

t1.appln_filing_year = '2000'  OR t2.ipc_class_symbol LIKE 'C12M%' AND 

t1.appln_filing_year = '2010'  

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12N%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C12N%' AND 

t1.appln_filing_year = '2010'  

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12P%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C12P%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12Q%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C12Q%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12R%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C12R%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C12S%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C12S%' AND 

t1.appln_filing_year = '2010'  
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02K%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02K%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02N%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02N%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02P%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02P%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02B%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02J%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02J%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01M%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01M%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01B%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02G%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02G%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01H%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01H%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 
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SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01R%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01R%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01K%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01K%' AND 

t1.appln_filing_year = '2010'   

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H05B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H05B%' AND 

t1.appln_filing_year = '2010'  
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UNION ALL 

 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01T%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01T%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02H%' AND 

t1.appln_filing_year = '2000'  OR t2.ipc_class_symbol LIKE 'H02H%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

 

 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 
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WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H02M%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H02M%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H05C%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H05C%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'H01P%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'H01P%' AND 

t1.appln_filing_year = '2010'  

 

 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 
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WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'A01N%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'A01N%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C05%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C05%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C07B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C07B%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 
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WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C08C%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C08C%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C09C%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C09C%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C09F%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C09F%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 
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LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C09G%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C09G%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C09H%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C09H%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C09K%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C09K%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 
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JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10B%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10C%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10C%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10F%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10F%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 
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JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10G%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10G%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10H%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10H%' AND 

t1.appln_filing_year = '2010'   

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10J%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10J%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 
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JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10K%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10K%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10L%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10L%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C10M%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C10M%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 



67 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C11B%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C11B%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C11C%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C11C%' AND 

t1.appln_filing_year = '2010'  

 

UNION ALL 

 

SELECT DISTINcT t1.appln_id, t1.appln_filing_year, t2.ipc_class_symbol, t3.person_id, 

t4.#patents_per_person, t5.first_appln_filing_year, t6.npl_count, 

t7.citations_recieved 

 

FROM patstat2015b.dbo.tls201_appln as t1  

JOIN patstat2015b.dbo.tls209_appln_ipc as t2 ON t1.appln_id = t2.appln_id 

JOIN patstat2015b.dbo.tls207_pers_appln as t3 ON t1.appln_id = t3.appln_id 

JOIN N_Jelicic.dbo.patents_per_person as t4 ON t3.person_id = t4.person_id 

JOIN N_jelicic.dbo.First_year as t5 ON t3.person_id = t5.person_id 

LEFT JOIN N_jelicic.dbo.npl_count as t6 ON t1.appln_id = t6.appln_id 

LEFT JOIN N_jelicic.dbo.citations_recieved as t7 ON t1.appln_id = t7.appln_id 

 

WHERE t1.appln_auth = 'US' AND t2.ipc_class_symbol LIKE 'C11D%' AND 

t1.appln_filing_year = '2000' OR t2.ipc_class_symbol LIKE 'C11D%' AND 

t1.appln_filing_year = '2010'  
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Appendix 2. Regression with robust standard errors and Poisson 

regression 
Regression with robust standard errors and Poisson regression for patents filed in 2000: 
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Regression with robust standard errors and Poisson regression for patents filed in 2010: 

 

 

 


